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In this dissertation, I explore the relationships between digital technologies, digital 

transformation (DT) and employee wellbeing, addressing an important but under-

researched area. Motivated by the rapid digitalisation of workplaces and its profound 

implications as well as the growing recognition of the importance of employee wellbeing 

for organisations, industries and society, I examine how digital technologies and broader 

DT-driven changes influence employee wellbeing. Specifically, I explore the concept of 

employee wellbeing in a DT context, focusing on the mechanisms behind and nature of 

the influence of digital technologies and employee resistance, which is a prominent 

element of DT, on various dimensions of employee wellbeing. The research design 

consists of a concurrent mixed-methods approach, including two multiple-case studies, 

survey research and a computational literature review conducted between 2022 and 2024. 

Four publications are included in the dissertation.  

The findings reveal that digital technologies and DT have diverse effects on employee 

wellbeing, which are contingent on individual, technological and organisational factors. 

While digital technologies can enhance performance, safety and learning opportunities, 

they also pose risks, such as increased stress, workload and performance pressure. The 

study contributes theoretically by synthesising the fragmented literature on this topic, 

providing new empirical insights into the effects of digital technologies and DT on 

employee wellbeing and advancing our understanding of how employee wellbeing can be 

managed in digitalised workplaces. It also outlines future research directions that may 

deepen our knowledge regarding this emerging area. At a practical level, the dissertation 

offers recommendations for technology developers, organisations and employees, 

emphasising the need for human-centric technology design, considerate technology 

implementation strategies, and training programs to help employees cope with 

technological changes without compromising their wellbeing. I conclude that prioritising 

employee wellbeing is crucial in fostering healthy, adaptable workplaces and increasing 

the success rate of digital initiatives. Overall, this work helps create workplaces that thrive 

amidst ongoing technological advancements. 

Keywords: employee wellbeing, digital technology, digital transformation 
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Nomenclature 

Abbreviations 

AI artificial intelligence 

CFA confirmatory factor analysis 

DT digital transformation 

SEM structural equation modelling 

SME small- and medium-sized enterprises 
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1 Introduction 

1.1 Research background and significance 

Employee wellbeing has long attracted the attention of researchers and 

practitioners, with its significance increasing within organisations over recent 

decades (Page and Vella-Brodrick, 2009; Nielsen et al., 2017). It is well established 

that the work environment plays an important role in influencing employee 

wellbeing (Ernst Kossek et al., 2012). Currently, workplaces are undergoing 

profound changes driven by digitalisation, with new digital technologies 

continuously reshaping work characteristics, processes and conditions (Demerouti, 

2022). This ongoing transformation presents a novel research context due to its 

rapid, pervasive and relentless nature, which is distinct from that of traditional 

organisational change (Hanelt et al., 2021), with the former also being known to 

affect employee outcomes such as performance and wellbeing (Kalliath and 

Kalliath, 2012). 

Digital transformation (DT) entails technological advancements that fundamentally 

alter organisational functioning and value creation processes (Vial, 2019; 

Davenport and Westerman, 2018; Van Veldhoven and Vanthienen, 2022). At its 

core, DT is driven by the adoption of digital technologies (Van Veldhoven and 

Vanthienen, 2022). The rapid adoption of these technologies has led to increasingly 

digitalised and automated work environments, significantly impacting how 

employees perform tasks, perceive their roles, interact with and within their 

workspaces and experience their work (Trenerry et al., 2021; Demerouti, 2022), all 

of which have implications for their wellbeing (Oosthuizen, 2019; Nazareno and 

Schiff, 2021; Parker and Grote, 2022). While research on the impacts of digital 

technologies and DT is expanding, it primarily focuses on organisational outcomes 

(Hanelt et al., 2021). Although some individual outcomes, such as required skills 

and learning (Baena et al., 2017) and labour displacement (Brougham and Haar, 

2018), have been examined, the influence of workplace changes triggered by digital 

technologies and DT on employee experiences and wellbeing has been largely 

under-researched (Makridis and Han, 2021; Nazareno and Schiff, 2021). 

Exploring this influence is important because employee wellbeing impacts 

outcomes at the individual, organisational and societal levels. At the individual 

level, employee wellbeing is closely linked to performance indicators such as work 

engagement (Koon and Ho, 2021), productivity (Johnson et al., 2018) and 

innovativeness (Elsamani et al., 2023). At the organisational level, employee 

wellbeing affects organisational outcomes, including operational and financial 

performance (Van De Voorde et al., 2012) and overall competitiveness (Hunsaker, 

2021). Thus, high levels of employee wellbeing not only enhance motivation and 

personal performance but can also drive organisational success (Bakker et al., 
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2021; Parteka et al., 2024). These considerations highlight the urgent need for 

comprehensive research into how digital technologies and DT-driven changes 

affect employees and what organisations can do to safeguard employee wellbeing 

and provide support throughout ongoing technological transitions. 

1.2 Research problem, purpose and questions 

Employee wellbeing in the digital workplace context is an increasingly popular 

topic among scholars and practitioners (e.g., Vial, 2019; Trenerry et al., 2021; 

Werthner et al., 2022). However, research in this field is still in its early stages, 

presenting two key challenges. 

Fragmentation. Initial studies are scattered across various disciplines and lack 

cohesion, resulting in fragmented research. This fragmentation can be largely 

attributed to the relatively recent focus on employee wellbeing highlighted in the 

Industry 5.0 approach (Müller, 2020) as well as the lack of an established 

framework for assessing employee wellbeing (Jarden et al., 2023) in digital 

workplaces. This has resulted in sporadic studies across fields. This fragmentation 

highlights the need for more comprehensive and integrative research, as called for 

by Schwabe and Castellacci (2020), Nazareno and Schiff (2021), Peeters and Plomp 

(2022) and Filippi et al. (2023).  

Limited number of studies. Only recently have researchers begun examining the 

effects of digital technologies and DT on employee outcomes beyond mere 

performance enhancement (Cubric, 2020; Makridis and Han, 2021; Demerouti, 

2022). Studies are beginning to consider the impacts on mental health (Abeliansky 

et al., 2024), work intensity (Parteka et al., 2024) and employee engagement (Dixit 

et al., 2024). The initial findings suggest that digital technologies influence 

employee wellbeing in diverse ways, which are contingent on factors such as 

individual attributes, contextual differences (Hill et al., 2024), work characteristics 

(Peeters and Plomp, 2022) and employee awareness of technology-related risks 

(Nazareno and Schiff, 2021). However, gaps remain in our understanding of which 

dimensions of employee wellbeing are affected by workplace technologies, the 

mechanisms via which these technologies impact wellbeing, the nature of these 

impacts, and the broader effects of DT on employee wellbeing. 

In this dissertation, I adopt an exploratory approach to advance the understanding 

of the relationships between digital technologies, DT and employee wellbeing. I 

examine the concept of employee wellbeing and the mechanisms via which 

technology and DT influence it, and I identify strategies via which to mitigate 

negative impacts while enhancing positive ones. Theoretically, this research 

synthesises fragmented studies, provides new empirical insights into the concrete 

effects of digital technology and DT on employee wellbeing, and outlines future 

research directions. Practically, it offers actionable guidance for technology 

developers, organisations and employees regarding managing the impacts of digital 
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technologies and DT, with a focus on supporting employees during technological 

change. By advancing knowledge about how to promote employee wellbeing by 

managing the effects of digital technologies and DT, this dissertation contributes to 

building healthier and more adaptable workplaces in the digital era. Accordingly, 

to guide this research, the following research questions are proposed: 

1. How do digital technologies in workplaces influence employee wellbeing? 

1.1. What dimensions of employee wellbeing are affected by digital 

technologies? 

1.2. What are the specific mechanisms through which digital technologies 

affect employee wellbeing? 

1.3. What is the nature of the influence of digital technologies on employee 

wellbeing? 

2. How can the relationship between digital technology and employee wellbeing be 

managed? 

2.1. How can digital technologies be utilised for improving employee 

wellbeing? 

2.2. How can companies reduce employee resistance to digital transformation 

and thus improve employee wellbeing?  

1.3 Delimitations  

Some researchers, such as Zheng et al. (2015), view employee wellbeing alongside 

general wellbeing, which may not be directly related to the workplace. While 

factors affecting general wellbeing, such as life events or technology exposure 

outside of work, do influence employees, I distinguish employee wellbeing from 

general wellbeing for the sake of analytical clarity. Similarly, some scholars, such 

as Page and Vella-Brodrick (2009) and Prentice et al. (2025), advocate including 

subjective wellbeing, which is conceptualised as life satisfaction and positive and 

negative affect, as a supplementary measure of employee wellbeing; however, here, 

employee wellbeing is treated as conceptually distinct to preserve a focus on the 

workplace context.  

 

1.4 Scope of research 

Employee wellbeing has been extensively studied across the fields of psychology 

and management, with each offering distinct perspectives. Psychological research 

typically adopts an individual-level focus, emphasising the personal and emotional 

aspects of wellbeing, such as mental health, emotional regulation and stress 
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management (Warr, 1999). Studies in this tradition often explore subjective 

experiences, such as job satisfaction (Wright et al., 2007), burnout (Schaufeli et al., 

2008), positive emotion (Kern et al., 2015), psychological functioning (Ryff and 

Keyes, 1995) and the hedonic and eudaimonic aspects of how employees feel and 

function at work (Keeman et al., 2017), as well as the influence of personality traits 

(Mäkikangas et al., 2013). In contrast, management researchers adopt a more 

structural and contextual approach, examining how work-related factors and 

organisational environments, such as leadership styles, job design and workplace 

culture, shape employee wellbeing (Peccei, 2004). This perspective emphasises the 

role of work characteristics such as autonomy, workload and job security, providing 

a broader organisational lens via which to consider wellbeing. 

In this dissertation, I position employee wellbeing within the domain of 

management research. I also draw on insights derived from adjacent fields, such as 

human resource management, organisational behaviour, occupational ergonomics, 

industrial relations, the sociology of work and occupational health and psychology. 

These insights provide practical implications for organisations adopting new digital 

technologies or digital business models, while the theoretical contributions help 

advance research on the intersection of employee wellbeing and digital 

technology/DT. As DT progresses and more digital technologies are adopted, the 

nature of work is changing, affecting employee wellbeing (Demerouti, 2022). This 

includes the increasing impact of digital technologies such as AI and automation on 

how employees work, perceive their roles and feel in the workplace (Oosthuizen, 

2019; Nazareno and Schiff, 2021; Parker and Grote, 2022). Additionally, the broad 

organisational changes caused by DT can lead to employee resistance and added 

stress, which can impede the adoption of new digital technologies (Diedericks et 

al., 2019; Trenerry et al., 2021). All of these influences have significant 

implications for employee wellbeing (Figure 1). 

 

Figure 1: The research scope, including the research fields and concepts. 
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Importance of employee wellbeing 

Employee wellbeing is increasingly recognised as an important factor in individual, 

organisational and societal outcomes (Johnson et al., 2020). At the individual level, 

employee wellbeing is linked to such outcomes as enhanced creativity (Miao and 

Cao, 2019) and innovativeness (Elsamani et al., 2023), overall life satisfaction 

(Weziak-Bialowolska et al., 2020), engagement in organisational processes (Creed 

et al., 2022) and work generally (Koon and Ho, 2021), job performance and 

productivity (Lamb and Kwok, 2016; Khan et al., 2017; Johnson et al., 2018; Peiro 

et al., 2019) and job satisfaction (Faragher et al., 2005). Interestingly, while Human 

Resource (HR) practices often use metrics such as the employee net promoter score 

(Brown, 2020) and the employee satisfaction index (Hsu and Wang, 2008) to gauge 

job satisfaction levels and identify areas for improvement and thus achieve better 

employee performance (Judge et al., 2001; Hsu and Wang, 2008; Brown, 2020), 

Wright et al. (2007) demonstrated that job satisfaction leads to higher performance 

only when employee wellbeing is also high. This finding highlights the necessity 

of HR interventions that not only aim to identify and enhance job satisfaction but 

also ensure that employee wellbeing is adequately addressed and integrated into 

performance improvement strategies. Additionally, Nørskov and Nørskov (2020) 

caution that efforts to improve efficiency and performance should not overlook or 

undermine employee wellbeing. 

At the organisational level, prioritising employee wellbeing aligns with the mutual 

gains perspective, which is based on the principle of reciprocity: When an 

organisation values its employees as assets and actively supports their wellbeing, 

employees are likely to perform better, leading to enhanced organisational 

performance (Van De Voorde et al., 2012; Guest, 2017). Recent studies by 

Hunsaker (2021) and Lu et al. (2023) support the notion that fostering employee 

wellbeing is associated with high organisational performance and competitiveness. 

High employee wellbeing is also linked to improved retention (Gelencsér et al., 

2023), reduced absenteeism (Jeong et al., 2020) and an engaged and productive 

workforce (Schaufeli et al., 2008; Peiro et al., 2019). This, in turn, lowers the costs 

associated with turnover and training while fostering a positive workplace culture 

that attracts top talent and strengthens competitive advantage (Kalliath and Kalliath, 

2012). Organisations can promote employee wellbeing through various strategies, 

such as offering flexible work arrangements (Ferdous et al., 2023) and fostering a 

supportive organisational climate (Farley et al., 2023). They can also implement 

organisation-level interventions focused on reducing workload, enhancing job 

crafting (Gregory et al., 2018) and building peer networks (Wahl et al., 2018). 

Additionally, individual-focused initiatives, such as training, educational programs, 

mindfulness practices (Cheng et al., 2015; Bevan and Emerson, 2020; McNulty et 

al., 2022), and professional coaching (Dyrbye et al., 2019), can further support 

employee wellbeing. 
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Figure 5: Included publications and their contribution to answering the research questions. 
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2 Theoretical background 

2.1 Workplace digital technologies and employee wellbeing  

While research on the impact of workplace digital technologies on employee 

wellbeing began sporadically in the 1980s, it gained significant momentum only 

around 2017, marking this research area as both nascent and rapidly evolving 

(Publication I). It is surprising that this attention came relatively late given that 

digitalisation began as early as the 1970s with the introduction of personal 

computers and continued into the 1990s with the public availability of the internet, 

both of which significantly transformed work environments (CCNet, 2024).  

The delayed focus on the potential impacts of technological change on employee 

wellbeing can partially be attributed to the recent recognition of both the importance 

of employee wellbeing and the significant role digital technologies play in shaping 

it (Müller, 2020; Nazareno and Schiff, 2021). Nevertheless, such a focus is timely, 

as rapid advancements in digital technologies are redefining tasks, jobs, work 

environments and organisational structures (Trenerry et al., 2021). In the following 

sections, I will provide a brief overview of the current state of knowledge in this 

emerging research area, summarising the key findings and identifying research gaps 

that require additional exploration. 

2.1.1 Influence of digital technologies on employees 

Existing research primarily explores the impact of technology on wellbeing in non-

workplace settings, leaving its effects in workplace contexts relatively 

underexplored. Evidence derived from studies of everyday-life technology use 

indicates that digital technology use can affect mental states (Li, 2023), brain 

function (Small et al., 2020) and the quality of social communication (High et al., 

2023). In workplace settings, these changes can translate into challenges such as 

increased stress, diminished focus and compromised team dynamics, emphasising 

the need to better understand how digital technologies shape employee experiences. 

The current literature on the relationship between digital technologies and 

employee wellbeing is quickly growing but highly fragmented, lacking a unified 

framework. For the sake of clarity and structure, in this section, I have organised 

the research that underpins this dissertation into three main categories. These 

categories reflect the most commonly studied themes regarding the influence of 

digital technologies on employees and their experiences in digital workplaces: 

performance enhancement, ergonomics optimisation and employee interaction with 

technology. This approach was chosen as a starting point because there is no 

existing method via which to categorise the relevant literature using wellbeing 

dimensions or similar criteria. The connections between digital technologies and 
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3.2 Data collection and analysis  

Table 2 shows the data sources and data collection and analysis methods for each 

included publication.  

Table 2: Data sources and data collection and analysis methods per publication. 

Publica-

tion 

Data sources Data collection 

method 

Data analysis method 

I SCOPUS database Documentary 

research 

Topic modelling (Latent 

Dirichlet Allocation), 

content analysis 

II Sample of 207 

companies from multiple 

industries        

Survey Confirmatory factor 

analysis (CFA), structural 

equation modelling (SEM) 

III Sample of ten companies 

from multiple industries  

Interview Content analysis 

IV Sample of three 

companies from heavy 

manufacturing industry, 

company presentation, 

company website  

Interview, 

documentary 

research 

Content analysis 

 

Publication I 

Data collection. The data were collected from the SCOPUS database, which is a 

high-coverage scientific databases for managerial research (Hiebl, 2021). The 

sample contained abstracts and other metadata (author, title, year of publication, 

source title, number of citations, DOI, keywords and document type) for 7,454 

documents. Abstract texts were used as the unit of analysis.  

Data analysis. The methodology used for this computational literature review 

involved a two-step approach. First, a topic-modelling algorithm, which was 

designed by the second author, was applied to the abstracts to identify the 

predominant themes (topics) within the corpus of the literature. The topics were 

then collectively labelled by the three authors. Those that were most relevant to the 

research questions (n = 12) were qualitatively selected and analysed. The three 

authors qualitatively assigned each topic to one of the dimensions of employee 

wellbeing: performance, mental wellbeing, physical wellbeing and relationships, 

and each analysed document was algorithmically allocated to a predominant topic. 

This ensured reliable classification. This step resulted in formulating a topic 

landscape for the emerging research area on the nexus of automation and employee 
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B  Conveyor 

solutions 

SME Analytics, 

automation, and 

robotic 

CEO User 

C  Construction Large Automation, big 

data and 

analytics, and 

robotic 

Controller User 

D  Wood 

processing 

Large Analytics, 

automation IoT, 

machine vision, 

and optimization  

Production 

Planner 

User 

E  Recycling Large Analytics, 

automation, and 

robotic 

Operations 

Manager 

User 

F  Material 

handling 

SME AI, automation, 

big data and 

analytics, digital 

twin, IoT, 

robotics, and 

machine learning 

Director of 

Sales and 

Services 

Developer 

G  Wood 

processing 

Large AI, big data and 

analytics, digital 

twin, machine 

learning, and 

robotics 

Head of 

Engineering 

and R&D 

Developer 

H  Metal  Large AI, analytics, 

automation, 

digital twin, and 

machine learning 

Director of 

Software 

Engineering 

Developer 

I  Clothing SME AI, automation, 

and big data and 

analytics 

CEO Developer/User 

J  Metal Large Analytics and 

automation 

Technology 

and R&D 

Director 

Developer 

 

Data analysis. Thematic content analysis was conducted by both authors using 

NVivo, following a predetermined coding scheme. The identified factors were 

grouped into themes and analysed against the existing literature, leading to the 
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formation of propositions for future testing. Next, all factors were integrated into a 

framework that represents the relationships between various aspects of DT, 

employee resistance, employee wellbeing and the elements of the resistance 

mitigation strategy. 

Publication IV 

Data collection. The data were gathered through a series of interviews with 

representatives from three Finnish companies in the heavy manufacturing industry. 

The respondents were in managerial positions. Additionally, secondary data were 

collected from company presentations and websites to corroborate the interview 

findings. Descriptive statistics are presented in Table 7. 

Table 7: Descriptive statistics for sample companies in Publication IV 
Case 

company 

Main offering Size Main data source 

and participants 

Interviewees Secondary 

data sources 

A Forest machinery Large Group interview  2 Webpages, 

Company 

presentation 

B Material handling 

machinery and 

logistic services 

Mid Cap Group interview 4 Webpages, 

Company 

presentation 

C Mining and rock 

excavation 

equipment 

Large Group interview 7 Webpages, 

Company 

presentation 

 

Data analysis. Thematic content analysis was conducted by the first author in 

NVivo, following an approach in which new constructs were inductively identified 

(Kovács and Spens, 2005). This was followed by iterative discussions with the other 

authors to interpret the results and formulate the findings. 

 

3.3 Quality of the research 

3.3.1 Quality of the literature review approach 

The quality of the literature review, which was conducted in two steps, was ensured 

by following the best practices for computational literature analysis (Antons et al., 

2016, 2023) and content analysis (Williams et al., 2021), with the latter being 

exemplified by Valtonen et al. (2023).  
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4 Results 

This dissertation includes four publications, each of which contributes to answering the 

research questions. In this section, I first provide a brief overview of the initial aims and 

findings of each publication, followed by a more in-depth discussion of how the findings 

contribute to addressing the research questions formulated for this dissertation. A 

summary of the publications is presented in Table 8.  

4.1 Aims and findings of publications 

Publication I 

Valtonen, A., Kimpimäki, J. P., and Savela, N. (2025). Employee Wellbeing: A 

Computational Review on the Consequences of Workplace Automation. Accepted to 

Technovation 2025. 

This study, which is a computational literature review, explores the positive and negative 

impacts of workplace technologies on employee wellbeing using the job demands-

resources (JD-R) theory. While the influence of technology on work-related factors such 

as employee posture and productivity is well established, its impact on broader 

dimensions of employee wellbeing remains underexplored. Given the critical importance 

of employee wellbeing for both individual and company performance and the growing 

role of technologies, particularly automation-enabling technologies, in workplaces, there 

is an increasing call for more comprehensive studies in this area (Schwabe and 

Castellacci, 2020; Nazareno and Schiff, 2021; Peeters and Plomp, 2022). The findings 

reveal a complex, mixed influence on the part of automation-enabling technologies on all 

dimensions of employee wellbeing. The prevalence of automation-induced demands over 

resources suggests a rather negative impact, particularly on performance, mental health 

and relationship dimensions. This highlights the need for more human-centric technology 

development and employee-technology coevolution to ensure not only the effective but 

also the healthy use of workplace technologies. 

Publication II 

Valtonen, A., Saunila, M., Ukko, J., Treves, L., and Ritala, P. (2025). AI and Employee 

Wellbeing in the Workplace: An Empirical Study. Journal of Business Research, 199, pp. 

115584. 

The study examines the impact of AI on employee wellbeing. As the rapid development 

of AI raises concerns among researchers and practitioners due to its uncertain trajectory; 

our incomplete understanding of its mechanisms and the widespread implications for 

industry, the economy and society (Feijóo et al., 2020; Future of Life Institute, 2023; Zirar 

et al., 2023), it is important to understand how AI influences employee wellbeing. The 

findings indicate that workplace AI does not exert a direct effect on employee wellbeing; 

rather, its influence is mediated by work-related factors such as task optimisation and 
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technologies on employee wellbeing, while Publication III examines the broader impact 

of DT. Specifically, Publication II explores the direct causal pathway from technology 

adoption to employee wellbeing, whereas Publication I reveals how these effects 

propagate across the various dimensions of wellbeing. Publication III further discusses 

how broader technology-induced organisational changes influence employee wellbeing.  

Together, these publications help answer Research Question 1.2: What are the specific 

mechanisms through which digital technologies affect employee wellbeing? 

Publication II 

Pathway. The influence of digital technologies, such as AI, on employee wellbeing occurs 

via these technologies altering work-related factors, including tasks, the way people work, 

their working environment and their interactions. These changes shape how employees 

experience their work and feel in the workplace, impacting their wellbeing. While digital 

technologies have limited influence on wellbeing if employees do not engage with them, 

the impact of digital technologies grows as they more significantly change the 

environment, tasks and activities that employees regularly engage with. For example, this 

study found that AI adoption in the workplace, on its own, did not have a noticeable effect 

on employee wellbeing. However, by improving work-related factors such as task 

optimisation and workplace safety and security, AI had a significant positive effect on 

employee wellbeing. 

Publication I 

Propagation. The influences of automation-enabling technologies on employee 

wellbeing dimensions are complex and can affect multiple dimensions, creating spillover 

effects that support the assertions of Rath and Harter (2010), Holt-Lunstad (2018) and 

Valtonen and Kimpimäki (2023) that all wellbeing dimensions are interconnected. For 

example, an increase in technology-induced cognitive workload may directly impact 

employee performance and mental health; if prolonged and aggravated by physical strain 

caused by extended sitting and muscle tension from stress, it can affect physical health, 

potentially leading to burnout. This, in turn, may worsen relationships with coworkers 

and erode commitment to the organisation. These effects can occur simultaneously across 

multiple dimensions or rapidly spill over from one dimension to another. 

Additionally, while research on employee wellbeing and technology often focuses on 

direct effects, such as how automating specific work sequences can directly improve the 

operational performance of employees, some studies report broader, more far-reaching 

effects. For example, when technology improves operational performance, the work 

becomes easier, and employees may have more time to socialise, which can also enhance 

employee relationships. This suggests a ripple effect in which the impact of technology 

on one aspect of employee wellbeing extends to other dimensions, even if, as in the 

example given, the change in relationships is not directly caused by the technology itself 

but, rather, caused by altered work conditions. 
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4.3.2 Resistance mitigation strategy for improving employee wellbeing 

In addition to developing human-centric technologies, implementing them strategically 

and fostering employee co-evolution with technological advancements, employee 

wellbeing can be improved by reducing employee resistance to technology-induced 

organisational change. Companies can achieve this by managing such changes more 

smoothly. Publication III sheds light on employee resistance mitigation strategy to answer 

Research Question 2.2: How can companies reduce employee resistance to digital 

transformation to improve employee wellbeing? 

Publication III 

Organisations can support employee wellbeing and enhance the success of digital 

initiatives by carefully managing DT. When these transitions are rushed, poorly 

implemented or inadequately communicated or when employees do not understand the 

technology or the change, they may feel overwhelmed and undervalued, leading to 

increased resistance to change, increased stress and a decline in wellbeing. To mitigate 

these challenges, it is beneficial for companies to offer learning opportunities, clearly 

communicate the rationale and benefits of change and actively involve employees in 

digital projects. This approach can ease transitions; foster employee engagement and lead 

to improvements in performance, mental health and overall relationships within the 

company. 

4.4 Summary of the results 

Table 9 summarises the study results, providing a clear and concise outline of how the 

findings of all four publications address each sub-question, ultimately leading to answers 

for the two main research questions: 1. How do digital technologies in workplaces 

influence employee wellbeing? and 2. How can the relationship between digital 

technology and employee wellbeing be managed? 

Table 9: Summary of the results that can help answer the research questions. 

RQ1: How do digital technologies in workplace influence employee wellbeing? 

RQ1.1: What dimensions of employee wellbeing are affected by digital technologies? 

Publication I Digital technologies, in this case automation, impact all dimensions of 

employee wellbeing. However, research tends to focus primarily on 

performance, followed, in descending order, by physical wellbeing, mental 

wellbeing and relationships. Researchers often prioritise directly measurable 

factors, such as accuracy and task speed, over less tangible aspects, such as 

job meaningfulness. Additionally, there is more focus on the intended effects 

of automation than unintended ones, leading to a skewed understanding in this 

regard. 
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 Reduced decisional influence and task freedom Kinowska and 

Sienkiewicz, 2022 

 Additional oversight and malfunction response 

tasks 

Colim et al., 2021; 

Melkas et al., 2020 

 Increased cognitive load Nazareno and Schiff, 

2021 

 Information and visual stimuli overload Niehaus et al., 2022 

 Multiple interruptions and distractions Fukumura et al., 2021 

 Sense of achievement undermined by the 

increased work monotony 

Rosen and Wischniewski, 

2018 

 Reduced job meaningfulness Melkas et al., 2020 

 Reduced workload through tasks automation Bredesen et al., 2022 

 Improved information access Li et al., 2022 

 Improved decision-making Vijh et al., 2021 

Physical 

wellbeing 
Sedentary workstyles Welfare et al., 2019 

Musculoskeletal disorders Pateraki et al., 2019 

Automation-related safety risks A-IHamouz et al., 2019 

 Fatigue Battini et al., 2020 

 Enhanced occupational safety Welfare et al., 2019 

 Improved workplace ergonomics Pateraki et al., 2019 

Mental 

wellbeing 
Increased vigilance and focus Pateraki et al., 2019 

Multiple interruptions and distractions Niehaus et al., 2022 

 Increased work pace and potential task monotony Rosen and Wischniewski, 

2018 

 Stress due to diminished job control caused by 

digital decision-making 

Niehaus et al., 2022; 

Turja et al., 2022 

 Need to show higher productivity and maintain 

competence with evolving technologies  

Ottaviani et al., 2022; 

Turja et al., 2022 

 Stress monitoring through biosignal detection Ciccarelli et al., 2022 

 Aid in terms of reduced workload and time 

pressure 

Ottaviani et al., 2022 

Relationships Less fulfilling work relationships as compared to 

more human-centric environments 

Welfare et al., 2019 

 Alienation from work-based social groups Carpanzano et al., 2018 

 Potential unfairness and bias in algorithmic 

management 

Möhlmann et al., 2022; 

Zhang et al., 2022 
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 Digital surveillance and decision-making 

undermine organisational trust 

Rydzik and Kissoon, 

2022 

 Facilitated communication and collaboration Möhlmann et al., 2022 

 Increased employee commitment to the 

organisation via technology-enabled learning 

Jiang et al., 2022 

Mechanisms of influence 

In terms of the mechanism of influence, our research revealed that digital technologies, 

on their own, do not directly impact employee wellbeing. Instead, their effects emerge 

through the changes they induce in the work environment, tasks and interactions, which 

shape how employees engage with their work. This, in turn, impacts employee wellbeing 

(Figure 7).  

 

Figure 7: Mechanism of influence of digital technology on employee wellbeing (Publication II). 

While many previous studies have built on this premise when discussing the impact of 

workplace technologies on employee wellbeing (Peeters and Plomp, 2022; Kinowska and 

Sienkiewicz, 2023; Ottaviani et al., 2023), few have thoroughly explored or even 

unpacked the mechanisms behind it, often treating this influence as self-evident. Our 

findings provide more clarity in this regard by identifying how specific work-related and 

environmental factors mediate the relationship between digital technology use and 

employee wellbeing. This highlights the importance of addressing not only the 

technology itself but also the broader workplace environment, ensuring that the 

implementation of digital tools aligns with organisational practices, employee tasks (e.g., 

varying task complexity and the need for customer interaction) and job role specificities 

(e.g., skill requirements). 

Furthermore, many technology-induced effects can impact multiple dimensions of 

employee wellbeing simultaneously. For example, digital decision-making and 

algorithmic management systems, when implemented inconsiderately, can reduce 

employee performance by limiting decision-making autonomy and job control, harm 

mental wellbeing by increasing stress and frustration and weaken relationships by eroding 

trust and commitment to the organisation (Table 9). This supports previous findings 
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Figure 8: The nature of the influence of digital technologies on various dimensions of employee 

wellbeing (based on Publication I). 

Similarly, Publication IV provides evidence derived from the heavy machinery industry 

regarding the importance of human-centred technology design. There, initial automation 

designs overlooked employee wellbeing considerations, leading to issues such as 

musculoskeletal disorders (physical wellbeing), stress (mental wellbeing) and cognitive 

strain, which resulted in operational mistakes (performance) and safety risks (physical 

wellbeing). These problems also reduced work efficiency (performance). However, when 

technology designers addressed these challenges, they improved automation systems 

(e.g., by enhancing work sequence automation and control panel design) to alleviate 

existing demands while also providing new resources, such as virtual learning 

environments. These changes not only enhanced safety but also reduced stress for novice 

operators and improved their learning and machine operation, illustrating how thoughtful 

design can transform technology into a resource that supports both employee wellbeing 

and performance. 

Publication II further extends this point to address the importance of implementation 

strategy, showing that implementing AI to improve important work-related factors for 

employees (task optimisation and workplace safety) positively impacts employee 

wellbeing. An effective strategy includes education on technology benefits, active 

employee involvement and early and clear communication, particularly when addressing 

pressing concerns, such as the introduction of assistive automation to physically 

demanding roles. These steps can reduce resistance and negative feelings, enhance the 

efficiency of technology use and alleviate stress and its potential impact on employee 

wellbeing (Publication III). 

In line with previous research (James et al., 2013; Savela et al., 2022; Turja et al., 2022; 

Werthner et al., 2022), our findings also reveal that the impact of digital technology on 

employee wellbeing is influenced by employee-related factors, such as usage patterns, 

employee attitudes and individual differences. In the case of usage pattern, the overuse of 

platforms such as Microsoft Teams to conduct meetings has been identified as a factor 
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implications regarding simultaneously improving employee wellbeing. This contribution 

advances our understanding of resistance dynamics by incorporating wellbeing into the 

picture. 

Third, by emphasising employee wellbeing as an important outcome of and, at the same 

time, prerequisite for DT, this research challenges the traditional organisation-centric 

approach to DT (e.g., Mariani et al., 2023). The findings highlight the importance of 

understanding how individuals experience and adapt to DT, ensuring that transformations 

are not only efficient but also sustainable. 

Area 3: Contributions to employee wellbeing research 

First, the study tests and validates the employee wellbeing model proposed by Pagán-

Castaño et al. (2020), demonstrating its practical utility in digitalised workplace contexts. 

This validation positions the model as a robust framework for future investigations, 

helping to unify the fragmented field of employee wellbeing research.  

Second, our findings corroborate the interconnectivity of wellbeing dimensions (Rath and 

Harter, 2010; Holt-Lunstad, 2018; Valtonen and Kimpimäki, 2023), emphasising that 

changes in one dimension (e.g., physical wellbeing) often trigger cascading effects on 

others (e.g., mental wellbeing or relationships). This highlights the potential for 

interventions, including digital ones, to produce trade-offs across wellbeing dimensions 

(for example, enhancing physical safety while increasing cognitive strain). Additionally, 

these insights reinforce the need to move beyond isolated assessments of wellbeing and 

adopt integrative frameworks that capture dynamic interactions between its mental, 

physical, performance and relational dimensions. 

Third, the findings provide additional justification for prioritising employee wellbeing, 

especially in the modern digital workplace. This shifts the focus from viewing employees 

as mere contributors to organisational performance (Hastuti and Timming, 2021) to 

recognising their wellbeing as a critical outcome that directly affects both individual 

employee satisfaction and long-term organisational success.  

Area 4: Contributions to digital transformation research 

Largely based on Publication III, this dissertation contributes to the field of DT research 

by emphasising the human aspect of DT, which has previously been underexplored as 

compared to the prevalent focus, in the literature, on the link between DT and 

organisational performance and competitiveness (e.g., Mariani et al., 2023). Specifically, 

answering the call of Oludapo et al. (2024), this research provides empirical evidence on 

employee resistance to DT, a topic that has so far been examined mainly from a 

theoretical perspective. By identifying the drivers of resistance across the individual, 

organisational and technological levels, this study advances the understanding of 

resistance dynamics in a real-world context. Additionally, our research addresses a call 
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technology developers can imbed ethical principles in technologies and how workplaces 

can promote healthier, ethical technology usage through effective policies, training 

programs and cultural initiatives. 

Employee wellbeing management  

In the context of human-centric technology development, a growing body of literature 

explores approaches that prioritise employee wellbeing in technology design, but 

opportunities for further contributions remain. Specifically, future research could address 

the application of participatory design methods (Robertson et al., 2013; Orso et al., 2022) 

tailored to enhance employee wellbeing. Researchers could also investigate how user-

centered design principles might be expanded to integrate wellbeing considerations or 

how sociotechnical systems theory (Lee et al., 2022) can be applied to achieve similar 

goals. 

Regarding technology implementation, future research could examine additional 

strategies that companies could adopt to integrate employee wellbeing into the planning 

and implementation of digital initiatives, building on those proposed in this dissertation. 

These investigations should consider contextual differences across organisations, such as 

differences in industry, size, digital maturity and workforce composition, to ensure that 

their findings are applicable to diverse workplace environments. Empirical evidence that 

could be used to validate and refine previously developed conceptual frameworks would 

also be valuable. 

Because employees must be trained to effectively cope with technological change, 

maximise its benefits and utilise it in ways that enhance their wellbeing, future research 

could focus on developing appropriate employee training programs. While practical 

suggestions, such as balancing technology use (e.g., reducing screen time), are known in 

relation to general wellbeing, there is limited research on how employees should manage 

workplace technologies specifically. Research could also explore how organisations can 

guide and train employees to achieve optimal technology use outcomes in terms of both 

productivity and wellbeing. 

Research design 

Future studies should adopt interdisciplinary approaches, integrating psychology, 

sociology and technology management to address the complex, multi-level factors 

influencing wellbeing. Moreover, longitudinal research is essential in tracking changes in 

employee wellbeing over time as workplaces become increasingly automated (Trenerry 

et al., 2021). In addition, experimental designs that simulate workplace changes and 

include comprehensive wellbeing assessments could help test employee responses under 

controlled conditions. To enhance ecological validity, such experiments should be 

grounded in real-world workplace contexts, bridging the gap between laboratory settings 

and the complexity of actual organisational environments. This aligns with broader calls 
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 Longitudinal 

studies 

How does wellbeing change as employees 

become accustomed to technology? What 

long-term coping strategies emerge? 

Trenerry et 

al., 2021 

 Experimental 

design 

How do employees adapt to technology in a 

realistic workplace simulation as compared 

to a controlled lab environment? What role 

do workplace factors (e.g., team dynamics 

and task complexity) play in moderating 

these effects? 

- 

 

6.4 Limitations 

A few limitations, beyond those mentioned in the Future Research Directions section, 

should be acknowledged. First, the research is situated in Finland, a context characterised 

by high digital maturity (European Commission, 2022) and a strong emphasis on 

employee wellbeing (Ministry of Social Affairs and Health, 2024). While this context 

provides an ideal setting for studying organisations at the forefront of DT, it may limit 

the generalisability of the findings to regions or organisations with similar levels of digital 

maturity or cultural and organisational priorities. Future studies could expand on this 

work by exploring contexts with varying levels of digital maturity and employee 

wellbeing practices. 

Second, the study primarily adopts a managerial perspective (Publications II-IV), which 

allowed for a focused exploration of strategic and implementation-level insights 

(Kobayashi et al., 2018; Nadkarni and Prügl, 2021). However, incorporating employee 

viewpoints in future research would complement these findings and provide a more 

holistic understanding of how digital technologies affect wellbeing across organisational 

hierarchies (Kinowska and Sienkiewicz, 2022; Welfare at al., 2019). This would help 

uncover nuances that are potentially overlooked when relying strongly on managerial 

perspectives. 

Third, the dissertation operates within a developing field in which conceptualisations of 

employee wellbeing remain diverse. While Publications I and III employ a 

multidimensional employee wellbeing framework (Pagán-Castaño et al., 2020), 

Publication II simplifies wellbeing to a single-item variable reflecting overall managerial 

perceptions. This approach was suitable for addressing the specific goals of each study 

but highlights the need for a unified framework in future research to ensure consistency 

and comparability. Embracing a standardised multidimensional approach would enhance 

the granularity and robustness of findings in subsequent studies. 
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A B S T R A C T

The integration of artificial intelligence (AI) in workplace settings significantly affects employees, particularly 
their wellbeing. Despite its growing relevance, the impact of AI on employee wellbeing remains underexplored. 
To address this gap, we conducted a survey and employed structural equation modeling to analyze data from 
Finnish and international companies headquartered in Finland (n = 207). We found that AI adoption does not 
directly impact employee wellbeing but indirectly influences it through work-related factors of task optimization 
and safety. This highlights the importance of strategically implementing AI to enhance aspects of work that are 
important to employees, thereby maximizing the wellbeing benefits of AI adoption. Practically, this study un
derscores the need for AI adoption to result in tangible improvements in organizational tasks and processes, data 
security, and occupational health. When these aspects are adequately addressed, AI adoption can enhance 
employee wellbeing and contribute to improved human-AI integration in the workplace.

1. Introduction

As digital technologies become central to organizational perfor
mance, innovation, and competitiveness, workplaces are transforming 
into technology-driven environments. The adoption of these technolo
gies is reshaping daily routines, communication, collaboration, and task 
execution, significantly impacting how employees work and experience 
their roles (Bailey et al., 2022; Demerouti, 2022; Pachidi et al., 2021). 
This topic has gained even greater relevance with the advent of Industry 
5.0, where digital technologies are designed to complement and 
enhance work, innovation, sustainability, and resilience, with employee 
wellbeing at the core of technological development (Müller, 2020). 
Artificial intelligence (AI) is among the most transformative technolo
gies of Industry 5.0, fundamentally revolutionizing processes, products, 
services, customer relationships, and business models (Iansiti & 
Lakhani, 2020).

A recent industry survey demonstrates that AI adoption has reached 
approximately 78 %, with organizations having adopted it in at least one 
business function, while adoption of generative AI (Gen AI) stands at 72 
% (McKinsey, 2025). Another survey among industrial companies il
lustrates that the majority of companies have at least one AI adoption 
project ongoing at the moment, and many have several (Treves et al., 

2025). Beyond traditional industrial applications (Ritala et al., 2024b), 
the rapid expansion of AI, particularly Gen AI and emotional AI (EAI), 
which combine affective computing, big data analytics, and machine 
learning, is having a significant influence on work practices, organiza
tional structures, and the broader conditions of knowledge and profes
sional work (Kanbach et al., 2023; Pachidi et al., 2021; Ramaul et al., 
2024b; Retkowsky et al., 2024). For instance, companies such as IBM, 
Unilever, Microsoft, and Softbank are leveraging the emotional analytics 
capabilities of AI for recruitment purposes (Richardson et al., 2020), as 
well as to monitor employee attentiveness and engagement (Mantello & 
Ho, 2023; Suni Lopez et al., 2019), and wellbeing (Spataro, 2020). 
Similarly, companies in creative and knowledge industries are incor
porating Gen AI across their work processes and practices (Ramaul et al., 
2024).

While AI adoption potentially improves organizational outcomes 
(Enholm et al., 2022), it also transforms how work is carried out and 
experienced by employees (Demerouti, 2022; Zirar et al., 2023), and 
how the roles of humans and AI are coordinated, aligned, and integrated 
in organizations (Anthony et al., 2023; Ramaul et al., 2025). These 
substantial changes raise concerns about the impact of AI on employee 
wellbeing (Nazareno and Schiff, 2021). For example, the development of 
technologies such as Walmart’s patented “performance metric” bracelet 
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and Amazon’s Halo, which enable the monitoring of an employee’s 
productivity, voice tone, and emotions, has prompted concerns that AI 
managers will assess performance and influence career advancement 
(Mantello et al., 2023; Mantello & Ho, 2023). These concerns have led 
researchers and practitioners to question AI’s accelerated pace of 
adoption, uncertain trajectory, and limited understanding of its mech
anisms (Future of Life Institute, 2023), sparking discussions on its wide- 
ranging social, political, and economic effects (Feijóo et al., 2020), as 
well as the risks and challenges it presents (Amankwah-Amoah et al., 
2024; Grewal et al., 2021; Habbal et al., 2024; Hannigan et al., 2024). 
An emerging literature on AI resistance in the workplace has depicted a 
variety of challenges to its adoption for employee wellbeing and work 
conditions (Golgeci et al., 2025) and how, at worst, technology can 
induce fear rather than empowerment (Arboh et al., 2025). Further
more, even AI developers do not fully understand how it functions or the 
ethical soundness of its decisions (Future of Life Institute, 2023). 
Therefore, considering these new opportunities and challenges, AI- 
powered systems can have major effects on the safety, work perfor
mance, and mental health of those who interact with them, thereby 
influencing employee wellbeing.

Despite the recognized social value of employee wellbeing and its 
role in driving organizational performance (Kinder et al., 2023), few 
studies have investigated the impact of workplace AI in this area 
(Nazareno & Schiff, 2021; Xu et al., 2023a). Consequently, this remains 
a largely under-researched area, particularly in understanding the spe
cific mechanisms through which AI affects employee wellbeing. Zhao 
et al. (2024) is among the first to explore the mechanisms of AI’s in
fluence on subjective wellbeing, though it is a broader concept than 
employee wellbeing. This limited understanding hinders organizations 
from fully grasping the potential risks and benefits of AI adoption on 
employee wellbeing, which is important for optimizing work environ
ments, making informed decisions, and shaping effective AI governance 
and safety or wellbeing policies. This research, exploratory in nature due 
to its goals and survey-based methodology, seeks to address this gap.

This study examines the question of how AI adoption in the workplace 
affects employee wellbeing. Drawing on Peeters and Plomp’s (2022)
research on Robotic Process Automation and employee wellbeing, we 
apply the Job Demands-Resources (JD-R) theory (Arboh et al., 2025; 
Bakker & Demerouti, 2007) to analyze similar dynamics in AI adoption. 
JD-R is a widely used framework explaining how work-related factors 
influence employee outcomes, such as wellbeing. This framework helps 
us examine how AI adoption impacts work-related factors, specifically 
task optimization and workplace safety, both of which ultimately shape 
employee wellbeing. We employ structural equation modeling (SEM) to 
analyze a cross-industrial sample of 207 companies in Finland. Although 
the results show that incorporating AI in the workplace has no direct 
effect on employee wellbeing, we find that AI leads to higher task 
optimization and improved workplace safety and security, which me
diates a positive effect toward employee wellbeing.

The findings contribute to the literature in three ways. First, we 
provide empirical evidence regarding the implications of AI adoption on 
employee wellbeing, which is largely absent in the extant literature, as 
most studies focus on technological and economic aspects of AI adop
tion, such as productivity and efficiency (e.g., Mariani et al., 2023), 
rather than its social aspects, such as sustainability and wellbeing 
(Cubric, 2020). Second, we contribute to employee wellbeing literature 
by connecting work-related factors, such as task optimization and safety, 
to employee wellbeing, corroborating previous research (Boehnlein & 
Baum, 2022; Subramony et al., 2022), but within the context of digital 
transformation. Furthermore, we offer a managerial perspective, which 
is underrepresented in the existing employee wellbeing literature, which 
predominantly focuses on employee perspectives (Vakkayil et al., 2017). 
Finally, we contribute to the emerging literature on employee wellbeing 
within the context of digital transformation (Dąbrowska et al., 2022; 
Nazareno & Schiff, 2021) and the role of AI in modern workplaces 
(Anthony et al., 2023; Zirar et al., 2023). Additionally, the findings 

explicate the mechanisms by which AI influences employee wellbeing, 
offering valuable insights to practitioners seeking to implement AI not 
only to improve performance, but also to support employee wellbeing.

2. Theoretical background

2.1. Job demands-resources theory

JD-R theory, proposed by Demerouti et al. (2001), is often used to 
investigate how workplace shifts, including technological ones, impact 
individual outcomes in organizational settings (e.g., Galanti et al., 2021; 
Parker & Grote, 2022; Peeters & Plomp, 2022; Wang et al., 2023). 
Specifically, the JD-R model is developed to explain how the interplay of 
job demands and resources in the workplace affects employee perfor
mance, wellbeing, and other employee-related outcomes (Bakker & 
Demerouti, 2007, 2018). Job demands refer to the work aspects that 
require sustained effort on the part of employees and are associated with 
certain costs (e.g., job complexity and physical demands), whereas job 
resources are the work aspects that mitigate job demands and reduce 
related costs (e.g., task optimization and safety). The prevalence of job 
demands over job resources causes strain and exhaustion in employees, 
whereas when job resources outweigh job demands, employees experi
ence increased motivation and work engagement, which directly affects 
their performance and wellbeing (Bakker & Demerouti, 2017). This 
study extends the JD-R theory to examine how the changes engendered 
by AI in the workplace influence workers in key aspects of their work, 
thereby impacting workplace wellbeing.

Among the various work-related factors that workplace technology 
transforms into job demands or resources (Demerouti, 2022), two are 
particularly studied due to their direct influence on employee-related 
outcomes: task optimization and workplace safety. First, task optimi
zation is a primary reason for the introduction of technology in work
places, aiming to improve efficiency, reduce errors, and alleviate 
workload. Within JD-R theory, task optimization is conceptually linked 
to job crafting, a mechanism through which employees craft their tasks 
to reduce demands and enhance resources (Tims et al., 2013). AI sup
ports this process by automating repetitive tasks, reducing cognitive 
load, and enabling data-driven decision-making (Brynjolfsson & McEl
heran, 2016; Raisch & Krakowski, 2021; Waardenburg & Huysman, 
2022). Consequently, AI-driven task optimization may serve as a strong 
mediator linking AI adoption to employee wellbeing within the JD-R 
framework. Second, workplace safety and security represent another 
important mediator. Safety is a fundamental human need, and AI is 
increasingly implemented to enhance occupational safety and cyberse
curity in the workplace (Fisher et al., 2023). Within JD-R theory, 
workplace safety has been identified as a key job resource that directly 
impacts employee wellbeing by reducing physical and psychological job 
demands associated with a risky and unsafe work environment (Falco 
et al., 2021; Li et al., 2013; Nahrgang et al., 2011). Specifically, AI can 
mitigate these demands by enhancing workplace monitoring, predicting 
potential hazards, and automating safety protocols (Ciccarelli, 2022; 
Hussain et al., 2024; Johnson, 2022; Santos et al., 2021). This contrib
utes to a safer, less stressful work environment, thereby enhancing 
employee wellbeing.

2.2. Employee wellbeing

Employee wellbeing is increasingly distinguished from broader 
human wellbeing, which refers to people’s thoughts and feelings about 
their overall quality of life, emotions, and sense of meaning (Steptoe 
et al., 2015). Employee wellbeing can be broadly defined as how in
dividuals feel and function within their workplaces (Grant et al., 2007; 
Keeman et al., 2017). It has far-reaching implications, beginning with 
individual-level outcomes such as life satisfaction (Weziak-Bialowolska 
et al., 2020), work engagement (Koon & Ho, 2021), productivity 
(Johnson et al., 2018), and innovativeness (Elsamani et al., 2023). These 
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effects extend to organizational-level outcomes, including performance 
and competitiveness (Hunsaker, 2021; Kinder et al., 2023), and further 
influence broader societal and economic domains (Johnson et al., 2020; 
Kinder et al., 2023). In turn, employee wellbeing can be influenced by 
various factors such as job complexity (LePine et al., 2005), unfavorable 
physical environments (Bakker & Demerouti, 2007), opportunities for 
professional development (Xanthopoulou et al., 2007), or workplace 
technologies (Bankins & Formosa, 2023; Demerouti, 2022; Hamada & 
Kanai, 2022). However, despite growing attention to and recognition of 
the importance of employee wellbeing, there is no established definition 
of this concept to date. This is owing to the inherently subjective nature 
of employee wellbeing (Juniper, 2011; Leiter & Cooper, 2017), which 
encompasses various aspects that may hold different degrees of impor
tance for each individual.

In existing literature, there are three main approaches to define and 
represent employee wellbeing. First, researchers occasionally treat 
employee wellbeing as a single construct, such as job satisfaction (Guest, 
2002; Harter et al., 2002), psychological wellbeing (Holman, 2002; Ryff 
& Keyes, 1995), work engagement (Mäkikangas et al., 2013), or sub
jective wellbeing (Bryson et al., 2017; Shirmohammadi et al., 2023), 
focusing on one aspect that is deemed most relevant in their particular 
study. In this case, employee wellbeing is typically measured based on 
the researcher’s interpretation of the concept, such as using depression 
and anxiety scales when employee wellbeing is viewed as psychological 
wellbeing (e.g., Holman, 2002), or job satisfaction measures when 
wellbeing is equated with job satisfaction (e.g., Guest, 2002). Although 
valid in specific contexts, this singular view does not entirely capture the 
multifaceted nature of employee wellbeing.

Second, employee wellbeing can be represented as a combination of 
factors, such as interpersonal relationships (Warr, 1999), working con
ditions (Easton et al., 2013), or positive emotion (Kern et al., 2015). 
Specifically, Guest (2017), drawing on the prominent works of Grant 
et al. (2007) and Warr (1990), proposes three main dimensions of 
employee wellbeing: psychological, physical, and social wellbeing. 
Building on that, while also recognizing the importance of performance 
in employee functioning and identity (e.g., Kamphorst & Swank, 2018), 
Pagán-Castaño et al. (2020) propose a model that combines perfor
mance, health (mental and physical), and workplace relationship di
mensions. This representation aligns with major streams of employee 
wellbeing research, offering a comprehensive framework. However, 
while this multidimensional view provides a more holistic perspective, it 
still risks measuring subjective perceptions of these predefined compo
nents rather than the components themselves (Wilcock et al., 1998). 
Another concern is that this approach may overlook critical facets of 
wellbeing that are important to individual employees but are absent 
from standardized dimensions.

Third, a less common yet potentially more inclusive approach is to 
assess wellbeing through each individual’s subjective evaluation, 
allowing varied personal understandings of wellbeing to surface. In this 
case, employees themselves decide whether and how their wellbeing at 
work has improved or deteriorated, guided by their own definitions of 
workplace wellbeing. By avoiding rigid frameworks, this approach ad
dresses the multifaceted (Leiter & Cooper, 2017) and subjective 
(Juniper, 2011) nature of employee wellbeing, recognizing that its 
meaning can differ widely across individuals. For example, in line with 
the idiosyncratic nature of wellbeing (Cooper, 1984), some employees 
may place particular emphasis on social connections, others on mental 
health or professional growth opportunities, while still others may value 
workplace conditions or role prestige as defining factors in their well
being evaluation. This open-minded approach thus preserves the di
versity of employees’ experiences without constraining them to 
researcher-centric definitions. This approach is further supported by 
recent research by Jarden et al. (2023), who concluded that there is no 
universally established and reliable measure for employee wellbeing. 
This perspective on employee wellbeing guides this study’s analysis 
moving forward.

2.3. AI adoption and employee wellbeing

In recent years, AI has revolutionized the business world, driving 
unprecedented levels of productivity and efficiency across various in
dustries. Initial research on AI in business began in the late 1950 s with 
the early development of artificial neural networks. However, signifi
cant advancements remained limited until the early 21st century, when 
rapid technological developments and increasing data availability began 
to accelerate progress (Ransbotham et al., 2018). The introduction of 
more sophisticated algorithms has enabled machines to identify, inter
pret, make inferences, and learn from data to achieve specific goals and 
tasks through flexible adaptation (Haenlein & Kaplan, 2019). These 
advancements have made it possible for computers to perceive the world 
(e.g., computer vision, audio processing, sensor processing); analyze and 
understand information (e.g., natural language processing, knowledge 
representation); make informed decisions or recommend actions (e.g., 
inference engines, expert systems); and learn from experience (e.g., 
machine learning, deep learning, reinforcement learning) 
(Kolbjørnsrud, 2017). In line with this definition, an AI application is 
any system that can generate insights from data and act based on these 
to reach a set of objectives (Bytniewski et al., 2020).

Developments in AI technologies allow large-scale automation of 
routine tasks and mass customization of products and services. 
Furthermore, they enable digital augmentation—the use of technology 
to augment, accelerate, and improve human tasks, such as the epide
miological models informing public health policy decisions during 
COVID-19. In addition, AI technologies facilitate new modes of inter
action between humans and digital agents, opening up novel ways to 
coordinate activities across time and space (Kolbjørnsrud, 2024). For 
companies, AI technologies allow the collection and analysis of real-time 
data to optimize operations, improve customer service, and identify new 
business opportunities, thereby increasing organizational agility and 
responsiveness in dynamic environments (Kolbjørnsrud, 2024). Gen AI, 
particularly through the development of generative pre-trained trans
formers and related large language models, has further advanced what 
AI can achieve in business applications, allowing companies to augment, 
optimize, streamline, and automate their business processes across the 
entire value chain and operations (Dwivedi et al., 2023; Ritala et al., 
2024a). Indeed, the widespread adoption of Gen AI (Ritala et al., 2024a) 
and EAI (Mantello & Ho, 2023) is transforming operations substantially 
across industries to optimize the workspace and increase efficiency, 
compliance, and productivity (Fountaine et al., 2019; Kolbjørnsrud, 
2024; Thomson et al., 2021). These enhancements are achieved through 
the integration of advanced algorithms and machine learning techniques 
that enable real-time data analysis and decision-making, thereby 
streamlining processes and reducing human error in organizations.

However, not all companies adopt AI at the same rate, resulting in a 
clear divide between low and high levels of adoption. In these scenarios, 
companies with low levels of AI adoption are distinguished by limited AI 
readiness and use, limited employee engagement, and basic or few use 
cases. In contrast, companies with high levels of AI adoption are well- 
prepared with robust support systems, engaged and skilled employees, 
and advanced use cases. In turn, low levels of AI adoption can result in 
employee frustration and decreased productivity, whereas high levels of 
AI adoption can improve employee satisfaction and overall wellbeing 
(Enholm et al., 2022; Makarius et al., 2020). Since AI technologies can 
independently learn and adjust over time, enabling them to manage 
complex and changing environments, they have major implications for 
employees, their tasks, and their processes in organizational settings 
(Anthony et al., 2023; Ramaul et al., 2025). These aspects set AI apart 
from other digital technologies and broaden its organizational role in 
many ways, including converting analog information into digital for
mats (digitization), using digital data to improve processes (digitaliza
tion) (Ghoreishi et al., 2023), and utilizing digital technologies to 
transform overall business models and organizational structures 
(Dąbrowska et al., 2022).
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From an employee perspective, a company’s adoption of AI changes 
employees’ jobs and roles (Demerouti, 2022). Applying the JD-R theory 
(Bakker & Demerouti, 2007) in the context of automated workplaces, 
Demerouti (2022) proposes that new technologies, including AI, shift 
the nature of existing job demands and job resources and introduce new 
ones. For instance, AI can increase the amount of job resources available 
to employees by automating time-consuming and repetitive tasks, 
allowing them to focus on creative and strategic tasks (Raisch & Kra
kowski, 2021; Ritala et al., 2024a), improve decision-making by 
analyzing extensive data, and identify patterns and trends that humans 
find difficult or impossible to detect (Brynjolfsson & McElheran, 2016; 
Waardenburg & Huysman, 2022). Additionally, AI is increasingly being 
deployed to improve workplace ergonomics (Colim et al., 2021), risk 
assessment (Ciccarelli, 2022; Hussain et al., 2024; Santos et al., 2021), 
and stress monitoring (Elmholdt et al., 2021), providing additional re
sources to mitigate job demands such as an unfavorable physical envi
ronment (Bakker & Demerouti, 2007). The result is a major shift in the 
mix of tasks humans perform in organizations—toward more complex, 
non-routine work—enabling machine augmentation of human capabil
ities (Deming, 2017). For instance, Cogito and Empath have developed 
voice recognition software to improve efficiency and productivity in call 
centers. Cogito uses its tone detector to gauge customers’ sentiments to 
improve their service offerings. Empath’s technology allows managers 
to read employee moods and assess their wellbeing (Mantello et al., 
2023).

While the benefits and implications of AI are potentially significant 
from both business and human perspectives, its integration is not 
without challenges. Initial concerns centered on job loss (e.g., Brougham 
& Haar, 2018), whereas more recent research highlights growing 
employee enthusiasm for AI in the workplace (Mantello et al., 2023). 
Nonetheless, the adoption of AI, and particularly EAI technologies, for 
automating management practices and monitoring employee perfor
mance and emotional states in real time introduces a new set of con
cerns. These technologies can capture data down to the second 
(Mateescu & Nguyen, 2019), yet such detailed monitoring may have 
detrimental effects on employee wellbeing. Algorithmic biases may 
result in unfair decisions and undermine employees’ sense of agency, 
potentially harming employment relations (Mantello et al., 2023). 
Specifically, the “black box” nature of AI systems hides these biases 
behind a veneer of scientific objectivity (Crawford, 2021), which can 
foster discriminatory managerial practices and power imbalances, 
eroding trust and decreasing productivity (Marciano, 2019). Further
more, real-time performance and emotional monitoring raises concerns 
about employee privacy and stress. Practices such as target-setting, time 
tracking, and performance monitoring may contribute to higher levels of 
anxiety among employees, exacerbating the negative effects of surveil
lance (Mantello et al., 2023). Finally, the increasing complexity of AI 
systems presents challenges in accountability and explainability, as even 
their creators may struggle to understand how decisions are made, 
raising concerns about transparency and control (Mitchell, 2019).

The development, application, and quality assurance of AI systems 
therefore call for both technical and judgment skills—where judgment 
draws on human experience, expertise, ethical reasoning, empathy, and 
holistic thinking that ensures AI is adopted in a way that has a positive 
impact on employee wellbeing. In this respect, the relationship between 
AI and employee wellbeing has been predominantly explored from a 
theoretical perspective (Pimparel et al., 2022; Sousa et al., 2020; Tre
nerry et al., 2021; Wanka et al., 2015; Yu et al., 2023), whereas 
empirical studies mostly concentrate on using technologies to assess 
stress and fatigue (Pateraki et al., 2020; Pishgar et al., 2021), human
–technology interaction (Xu et al., 2023b), and employee perceptions of 
technology (Brougham & Haar, 2018). The current limited and frag
mented research suggests that digital technologies have diverse impli
cations for aspects of employee wellbeing (Abeliansky et al., 2024; 
Wong & Ngin, 1997). In the case of AI specifically, research indicates 
that workplace AI affects mental health (Connell, 2025; Yang et al., 

2022), physical health (Jeong et al., 2024), and job engagement and 
satisfaction (Braganza et al., 2022). Although some researchers report 
negative (Braganza et al., 2021; Braganza et al., 2022; Jeong et al., 
2024) or mixed (Connell, 2025; Nazareno & Schiff, 2021) impacts of AI 
on aspects of employee wellbeing, following Shaikh et al. (2023), we 
suggest that AI adoption can improve employee wellbeing, considering 
the advantages of AI for employee performance and the multiple re
sources it provides in the workplace.

Hence, the baseline hypothesis proposes a positive relationship be
tween AI adoption and employee wellbeing:

H1: Companies with high AI adoption levels have high levels of 
employee wellbeing.

2.4. AI task optimization and employee wellbeing

Integrated in the JD-R theory by Tims et al. (2013), the job crafting 
theory posits that individuals actively shape their job tasks to enhance 
their pleasantness, effectiveness, and ease of execution, thus increasing 
the amount of available job resources while mitigating existing de
mands. Task optimization correlates positively with aspects of employee 
wellbeing, including work engagement, job satisfaction, and job per
formance (Boehnlein & Baum, 2022). By tailoring tasks to individual 
preferences, employees gain greater decision-making autonomy and 
opportunities for self-development while reducing workload and task 
complexity (Bakker & de Vries, 2021). Tims et al. (2013) noted that job 
crafting is used to enhance tasks or work aspects deemed important by 
employees (e.g., increasing interactions with valued colleagues) and to 
reduce unpleasant or trivial tasks (e.g., dealing with demanding 
customers).

AI adoption, which primarily enhances employee and organizational 
performance, effectively improves efficiency in organizational processes 
(Loureiro et al., 2021). Consequently, companies with high AI integra
tion and capabilities demonstrate superior performance and competi
tiveness (Sjödin et al., 2021). Given that AI offers a means for task 
optimization—such as reducing repetitive tasks, enabling large data 
processing, aiding in analysis and decision-making, and freeing up time 
for activities requiring specialist human knowledge, such as research 
and management (Enholm et al., 2022)—it helps in optimizing and 
crafting job tasks for employees, thereby elevating their wellbeing. The 
utility of AI technologies in assisting employees in their daily routines is 
demonstrated in studies on classic machine learning (Pachidi et al., 
2021; Waardenburg & Huysman, 2022) and those examining Gen AI use 
in the workplace setting (Ramaul et al., 2024; Retkowsky et al., 2024).

Overall, as AI helps employees optimize their everyday tasks and job 
routines, it leads to improved wellbeing in the workplace. Therefore, the 
following relationships are hypothesized:

H2: Companies with high AI adoption levels have high levels of task 
optimization.

H3: Task optimization positively impacts employee wellbeing.

2.5. AI safety improvement and employee wellbeing

Safety, a fundamental human need, is essential for employee well
being (Kuppelwieser & Finsterwalder, 2011) and has been the focus of 
regulatory and academic attention (Subramony et al., 2022). In the JD-R 
theory, safety is often viewed as an outcome of the interplay between 
workplace demands and resources (Nahrgang et al., 2011; Niehaus et al., 
2022). Although the introduction of AI in workplaces may introduce 
demands such as increased injury risk from imperfect human–machine 
interactions (A-lHamouz et al., 2019), existing research predominantly 
highlights the benefits of AI for occupational safety. For instance, AI 
relieves employees from dangerous and physically demanding tasks, 
which are instead handled by more durable and expendable machines 
and robots (Nourmohammadi et al., 2022). AI aids in risk assessment 
and anomaly detection to prevent the occurrence of accidents 
(Ciccarelli, 2022; Hussain et al., 2024; Santos et al., 2021) and is 
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increasingly used for planning work facilities. For example, it enables 
precise simulations of layouts, including corridor spacing, machine 
placement, and electrical inputs to enhance occupational safety (Park 
et al., 2023). Although mostly employed in high-risk industries, such as 
construction, manufacturing, nuclear power, forestry, and mining 
(Fisher et al., 2023; Santos et al., 2021; Valtonen et al., 2023), AI also 
enhances safety, health, and comfort in less hazardous occupations, such 
as office work (Fukumura et al., 2021). It supports posture training 
(Bourahmoune et al., 2022), monitors fatigue and stress (Elmholdt et al., 
2021), tracks health (Lestingi et al., 2022), enables ergonomic im
provements (Colim et al., 2021), and contributes to safer and more 
comfortable workplaces.

Beyond physical safety, AI plays an important role in ensuring 
cybersecurity, an increasingly significant component of workplace 
safety (Johnson, 2022; Kaur et al., 2023). The onset of digital trans
formation has introduced novel safety concerns, particularly concerning 
the secure management of organizational data. Persistent threats from 
cyberspace such as malware, phishing, and distributed denial-of-service 
attacks, coupled with the pressure to adhere to demanding security re
quirements, can lead to increased anxiety and burnout (Canetti et al., 
2017; D’Arcy et al., 2014; Deline et al., 2017; Pham et al., 2019; Wang 
et al., 2017). From a JD-R theory perspective, cybersecurity can be 
conceptualized as a job resource that mitigates the stress caused by 
cyber risks and enhances employees’ sense of security in the digital 
workspace. Although AI may facilitate new forms of attack on AI ap
plications, it also plays an important role in enhancing cybersecurity. It 
improves system robustness, enabling systems to function correctly 
despite erroneous inputs through self-testing and healing; enhances 
response capabilities to counter attacks autonomously; and increases 
system resilience by detecting threat and anomaly (Johnson, 2022; 
Taddeo et al., 2019). Additionally, AI plays a role in automating 
cybersecurity compliance by identifying non-compliance issues and 
automatically adjusting cyber defense mechanisms (Alevizos, 2025). 
Consequently, AI’s contribution to cybersecurity alleviates employee 
anxiety concerning cyber threats and security requirements, fosters a 
sense of protection, and enhances wellbeing.

Based on the above-mentioned considerations related to both occu
pational safety and cybersecurity, we formulate the following hypoth
eses (Fig. 1):

H4: Companies with high AI adoption levels have high levels of 
workplace safety and cybersecurity.

H5: Workplace safety and cybersecurity positively impact employee 
wellbeing.

3. Methodology

3.1. Sampling and data collection

We conducted this study in Finland during the summer of 2023. 
Finland was a well-suited choice for examining AI adoption in com
panies due to its strong reputation for innovation in information and 
communication technology (ICT) and AI, offering valuable insights. 

According to the Global AI Index (2024), Finland ranks third in Europe, 
after Switzerland and Luxembourg, in AI development intensi
ty—measured by AI capacity relative to population or economic size. 
While this does not mean that all companies implement AI to the same 
extent, it suggests that companies in Finland may have better access to 
AI resources, talent, and policy support than companies in lower-ranked 
countries. This is further reinforced by government initiatives such as 
the Artificial Intelligence 4.0 program, which promotes AI integration 
across industries (Ministry of Economic Affairs and Employment of 
Finland, 2020). This favorable environment supports the suitability of 
the Finnish context for AI-related research.

Data were gathered from 207 medium- and large-sized Finnish and 
international companies headquartered in Finland by a commissioned 
market research firm. Outsourcing the data collection provides several 
advantages, including enhanced data quality, reduced interviewer bias, 
and improved access to a representative sample from our target industry 
sectors. The market research company was instructed to ensure that the 
sample reflected the distribution of sectors in the Finnish economy, 
without focusing on any specific industry. To address potential non- 
response bias, the market research company implemented follow-up 
procedures to increase participation rates, including follow-up tele
phone call attempts and rewards for participation.

In this study, medium- and large-sized companies are defined as 
those with a workforce exceeding 50 employees (EUR-Lex, 2023). We 
further distinguish between medium (50–249 employees; n = 167) and 
large enterprises (250 + employees; n = 40), as this distinction is rele
vant for analyzing differences in AI adoption according to organizational 
size. The selection of medium and large organizations was strategic, 
given their substantial resources, varied applications, and significant 
market impact compared to smaller entities. This approach facilitated a 
deeper insight into the effects and evolving AI patterns alongside semi- 
autonomous and autonomous systems (Treves et al., 2025).

The companies were selected from 12 industrial sectors (see Ap
pendix C, Table 1C) as defined by the official NACE Rev. 2 classification 
system for economic activities in the European Union (EU; Carré, 2008). 
This system provides a framework for collecting and presenting large 
statistical data according to economic activity in economic statistics (e. 
g., production, employment, and national accounts) and other statistical 
domains. It ensures uniformity and comparability in assessing data 
across EU member states (Eurostat, 2008). This framework is suitable for 
this research as it comprehensively covers a broad range of industrial 
sectors and facilitates comparative and trend analysis, enabling us to 
develop a comprehensive and generalizable understanding of how AI 
affects employee wellbeing in the workplace. Using this categorization 
as a guideline allowed us to gain insights from a wide range of economic 
activities that make up the Finnish industrial/economic landscape. The 
surveyed companies represent two broad categories as classified by 
NACE: the Service category (n = 109), which includes sectors such as 
Distributive Trade, Professional, Scientific & Technical Activities, 
Administrative & Support Services, and Information & Communication 
Services; and the Manufacturing category (n = 98), which encompasses 
resource-based and heavy sectors with significant infrastructure re
quirements, including Manufacturing, Construction, Electricity, Gas, 
Steam & Air Conditioning Supply, and Mining & Quarrying. The sur
veyed companies range in age from 2 to 112 years, with a median age of 
23 years. More detailed descriptive statistics of the sampled companies 
are provided in Appendix C.

We collected responses from middle management, with one repre
sentative per company, to gain a comprehensive understanding of the 
interplay between AI and employee wellbeing. The most frequently 
represented positions were managing directors (n = 38), product 
development managers (n = 31), ICT-IT managers (n = 22), and pro
duction managers (n = 12). Since managers oversee both technological 
adoption and workforce dynamics, they were well-positioned to provide 
valuable insights into how AI affects employee wellbeing, which aligned 
with the exploratory nature of the research.

Fig. 1. Conceptual model This model illustrates the hypothesized indirect 
relationship between AI adoption and employee wellbeing, mediated by two 
work-related factors: task optimization (AI optimization) and workplace safety 
(AI safety). Solid arrows represent direct paths tested in the analysis. Abbre
viations: AI = artificial intelligence; Wellbeing = employee wellbeing.
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Data were collected via telephone and recorded electronically in a 
database, allowing us to obtain a higher response rate, improve data 
quality, avoid irrelevant and incomplete responses, and reduce non
responses. Moreover, this data collection method allowed respondents 
to seek clarification regarding unclear survey items (Dillman et al., 
2014). We contacted 207 out of 2,738 companies, achieving a response 
rate of 7.6 %. This rate compares favorably with the 6–7 % average for 
telephone surveys reported by the Pew Research Center (2019), indi
cating a relatively strong level of engagement for the survey. All 
received responses were included in the analysis. The industry compo
sition of the responding companies mirrors that of Finland as a whole.

3.2. Survey design and measures

The telephone survey used a Likert questionnaire to collect cross- 
sectional data. All constructs relevant to this study were measured 
using a 7-point Likert scale ranging from 1 (not at all) to 7 (to a great 
extent). A 7-point Likert questionnaire was chosen to gather nuanced 
responses on a range of phenomena, reduce central tendency bias, in
crease the reliability and validity of the results, and enhance data 
analysis (Dawes, 2008). The survey instrument was developed using 
measures (items/questions) and supporting information validated in 
previous peer-reviewed academic articles. We modified the questions 
from these measures for a comprehensive survey examining the state-of- 
the-art AI use by industry and its impact. The survey contained 169 
items/questions, including 18 items/questions relevant to the analysis 
of AI and employee wellbeing in the workplace (Appendix B, Table 1B). 
By adopting this approach to survey design, we enhance the validity and 
reliability of the findings while also facilitating comparisons with 
existing research and contributing to the broader understanding of the 
phenomena under study.

3.2.1. Independent variable
AI adoption refers to the overall extent to which AI has been inte

grated into different business areas in the company, including business 
planning, finance, human resources, and logistics. AI adoption in this 
study is measured as a broad construct, capturing the extent to which 
companies integrate AI into various business areas rather than as a 
measure of specific AI applications for task optimization or safety. This 
approach reflects AI’s diverse organizational uses and does not assume 
uniform deployment across companies. AI adoption was measured using 
a set of questions derived from sources such as Bouschery et al. (2023), 
Davenport and Mittal (2023), Enholm et al. (2022), Mikalef and Gupta 
(2021), and Wamba-Taguimdje et al. (2020). The definition of AI as 
presented to the respondents is provided in Appendix A. Business areas 
were chosen to reflect the diversity of business processes occurring 
within the companies studied. Example items are as follows: “To what 
extent is your organization currently using AI in the following business 
areas: business planning, decision-making, and customer relationship 
management.”.

3.2.2. Mediating variables
AI optimization captures the extent to which AI is applied to 

streamline tasks and improve workflow efficiency, while AI safety refers 
to its use in enhancing occupational safety and data security. AI opti
mization and safety were measured using items derived from sources 
such as Davenport and Mittal (2023), Enholm et al. (2022), Makarius 
et al. (2020), Malik et al. (2022), Mikalef and Gupta (2021), and 
Wamba-Taguimdje et al. (2020). These variables were treated as me
diators based on the established theoretical framework. AI optimization 
example items are as follows: “To what extent does AI currently affect 
the following business processes within your organization: relieve em
ployees of repetitive tasks, unlock insight and patterns hidden in large 
volumes of data, and enable faster and better decision-making?” AI 
safety items are: “To what extent does AI currently affect the following 
business processes within your organization: improve occupational 

health and data security?” We used a two-item measure for AI safety 
because the construct is relatively narrow in scope, focusing specifically 
on occupational safety and data security—distinct yet straightforward 
aspects of AI applications in organizational safety (Usama et al., 2024). 
Such scales are appropriate when the concept is relatively well-defined 
(Ives et al., 1983; Larcker & Lessig, 1980). Additionally, prior research 
indicates that two-item scales can yield reliable results if the items are 
highly correlated and consistently measure the same underlying concept 
(Worthington & Whittaker, 2006), which was assured in this study.

3.2.3. Dependent variable
Employee wellbeing is widely recognized by scholars as a multifac

eted (Leiter & Cooper, 2017) and subjective construct (Juniper, 2011), 
which poses challenges for standardized measurement. At the same 
time, the lay meaning of the concept of wellbeing is broadly understood 
and relatively unambiguous, which can warrant using a single-item 
measure (Allen et al., 2022). Therefore, since the aim is not to study 
different dimensions of employee wellbeing, but rather the overall 
perception of wellbeing among the organizations’ employees, we 
adopted a single-item measure, an approach frequently used in explor
atory research (Diamantopoulos et al., 2012) and when standardized 
measurement frameworks are unavailable (Fisher et al., 2016; Jarden 
et al., 2023). Accordingly, the employee wellbeing item is as follows: 
“To what extent does AI currently affect the following business process 
within your organization: increase employee wellbeing?”.

3.2.4. Control variables
Consistent with similar studies in the management field (Brougham 

& Haar, 2018; Wu et al., 2015), the model included control variables 
such as the age and size of the organization and the industry in which the 
organization primarily operated, to control for contextual effects on the 
analyzed relationships. To conduct the SEM analysis, we categorized the 
207 surveyed companies based on industry (sector) and company size. 
Industry classification followed the NACE standard, resulting in two 
categories: Manufacturing (n = 98) and Service (n = 109). The Service 
category was selected as the benchmark category due to its larger 
sample size. For company size, we classified firms into Medium enter
prises (n = 167) and Large enterprises (n = 40). Medium enterprises 
were used as the benchmark category. More detailed descriptive statis
tics on industry and firm size control variables are presented in Ap
pendix C, Tables 1C and 2C. Additionally, we controlled for company 
age by including it as a continuous variable, representing the number of 
years since each company’s establishment. Unlike categorical variables 
(firm industry and firm size), age was incorporated as a numerical input 
in the SEM model to account for variations in organizational maturity.

3.3. Data analysis method

Based on Anderson and Gerbing (1988) and Shaik et al. (2023), we 
analyzed the data in two phases. First, we conducted a confirmatory 
factor analysis (CFA) to establish the dimensionality, reliability, and 
validity of the scales measuring the constructs (Alegre et al., 2006). 
Next, we employed SEM, as recommended by Lei and Wu (2007), for its 
efficacy in analyzing complex conceptual models and large samples (n >
200). SEM is advantageous because it integrates observed and latent 
variables and enables the testing of hypothesized relationships. It ex
plores potential mediating or moderating effects that showcase the dy
namics between AI adoption, AI task optimization, AI safety, and 
employee wellbeing. After formulating the hypotheses based on a 
cursory literature review and relevant questionnaire items and building 
the conceptual model (Fig. 1), we conducted hypothesis testing and 
analysis using STATA 18 software.

3.4. Controlling for bias

The potential for social desirability bias was minimized by ensuring 
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confidentiality and setting the organization as the unit of analysis. 
Following Podsakoff et al. (2003), the potential for common method bias 
was minimized as follows: first, we used a sample of managers from 
different industries and companies of different sizes. Second, the 
research model (Fig. 1) was withheld from respondents to prevent bias 
by revealing the relationships examined in this study. Finally, we placed 
the study items in different sections of the questionnaire, which 
decreased the likelihood of respondents forming cause-and-effect re
lationships. In addition, the common latent factor technique was applied 
to statistically assess the common method bias. This caused a poor model 
fit (Tucker–Lewis Index (TLI) = 0.672, Comparative Fit Index (CFI) =
0.722, and Root Mean Square Error of Approximation (RMSEA) =
0.180) that was significantly worse than the measurement model with 
separate theoretical constructs (Section 4.1), supporting the absence of 
common method bias.

Non-response bias could not be directly assessed due to the research 
design and the use of third-party data collection. However, the compo
sition of the final sample aligns closely with the known structure of 
medium- and large-sized companies in Finland (Yrittajat, 2020), which 
served as a guiding criterion for the data collection process. Further
more, using a quota-based sampling strategy aligned with population 
benchmarks helps minimize the risk of systematic bias in the respondent 
pool.

4. Results

4.1. Measurement model

Table 1 presents the results of the CFA. Indicator reliability is 
confirmed, as all loadings are significant (p < 0.001) and above the 
threshold of 0.4 (Gerbing & Anderson, 1988). Composite reliability 
(CR), Cronbach’s alpha (CA), and average variance extracted (AVE) are 
used to assess the construct validity. Acceptable values of CR and CA are 
above 0.7, while AVE should exceed 0.5 (Chowdhury et al., 2022; For
nell & Larcker, 1981). All study variables met these criteria. Several 
indices are used to test model fit: CFI, TLI, and RMSEA. CFI and TLI 
demonstrate a good model fit if their value is approximately 0.90 or 
0.95, whereas RMSEA is acceptable in the range of 0.05–0.08 
(Schumacker & Lomax, 2004). All measurement model fit values are 
acceptable: CFI = 0.966, TLI = 0.958, and RMSEA = 0.064.

As a test for discriminant validity, Table 1 presents the square root of 
the AVE values (Fornell & Larcker, 1981). The values of the square root 
of the AVE are greater than the correlations between each pair of con
structs, confirming discriminant validity (Table 2).

4.2. Structural model

The structural model exhibited sufficient fit to the data (CFI = 0.911; 
TLI = 0.895; RMSEA = 0.084). Table 3 presents the results of testing the 

hypothesized relationships. Contrary to H1, AI adoption is not associ
ated with employee wellbeing (path estimate = -0.111, p ≥ 0.05). Thus, 
H1 is rejected. According to H2 and H4, AI adoption is associated with 
both AI optimization (path estimate = 0.542, p < 0.001) and AI safety 
(path estimate = 0.563, p < 0.001). Thus, H2 and H4 are accepted. 
Furthermore, both AI optimization (path estimate = 0.679, p < 0.001) 
and AI safety (path estimate = 0.395, p < 0.001) positively correlate 
with employee wellbeing, supporting H3 and H5. Table 3 depicts that 
only one of the control variables, firm size (path estimate = -0.109, p ≤
0.05), has a significant relationship with employee wellbeing.

5. Discussion

The first hypothesis examines the direct impact of AI adoption on 
employee wellbeing and reveals no significant direct effect (Fig. 2). This 
suggests that the introduction of AI does not automatically translate into 
improved employee wellbeing. Although Shaikh et al. (2023) propose 
that AI enhances employee wellbeing through improvements in their 
work, the findings indicate that this effect is conditional. AI positively 
impacts employee wellbeing when it is used to enhance aspects of work 
that matter to employees, such as task optimization, and aligns with 
their needs and values, such as security and safety.

Existing research often assumes that workplace technologies 
enhance wellbeing without fully explaining the mechanisms behind this 
relationship (e.g., Juchnowicz & Kinowska, 2021; Soomro et al., 2024). 
This study clarifies this gap by demonstrating that AI’s impact depends 
on its ability to improve specific work aspects that employees value. This 
highlights the need for strategic AI implementation that considers job 
characteristics, employee needs and values, and broader workplace 
conditions, rather than assuming technological adoption alone will lead 
to positive wellbeing outcomes.

The results for Hypothesis H2 suggest that AI adoption positively 
influences task optimization. This result aligns with prior research 
indicating that AI reduces repetitive tasks, enhances data processing and 
decision-making, and frees up employees’ time for higher-level activities 
(Enholm et al., 2022; Li et al., 2022). By facilitating efficient workflows, 
AI contributes to more streamlined work routines (Pachidi et al., 2021; 
Waardenburg & Huysman, 2022) and even supports creative tasks, as 
highlighted by recent Gen AI tools (Ramaul et al., 2024; Retkowsky 
et al., 2024). These outcomes highlight the growing role of AI in 
improving organizational processes, reinforcing the notion that higher 
levels of AI adoption correlate with more pronounced task optimization.

Regarding Hypothesis H3, the findings reveal that task optimization 
positively influences employee wellbeing. Prior research confirms that 
technology-driven task optimization and simplification result in reduced 
workload, decreased stress, and improved employee wellbeing 
(Ottaviani et al., 2023; Valtonen et al., 2023). Moreover, this aligns with 
the logic of job crafting theory (Tims et al., 2013), which suggests that 
when employees can adapt and optimize their tasks, they gain greater 
autonomy and more job resources, ultimately enhancing their job 
satisfaction and performance, thereby leading to improved wellbeing 
(Boehnlein & Baum, 2022).

The findings related to Hypotheses H4 and H5 exhibit that higher AI 
adoption is associated with enhanced workplace safety and cyberse
curity, which in turn supports employee wellbeing. These results align 
with the view that safety resources—both physical and digital—operate 
as protective buffers against various job demands (Nahrgang et al., 
2011; Niehaus et al., 2022). By performing dangerous or physically 
demanding tasks (Nourmohammadi et al., 2022), identifying early 
warning signs or anomalies in work processes (Ciccarelli, 2022; Hussain 
et al., 2024; Santos et al., 2021), and simulating safe work layouts (Park 
et al., 2023), AI can reduce the likelihood of accidents and injuries. 
Additionally, AI strengthens cybersecurity (Johnson, 2022; Kaur et al., 
2023) by detecting cyber threats and managing them autonomously 
(Alevizos, 2025; Taddeo et al., 2019), mitigating the possibility of data 
breaches and the pressure of compliance obligations (Canetti et al., 

Table 1 
Results of the CFA.

Variable Item Loadings p CR AVE CA

AI adoption CU1 0.797 0.000 0.7539 0.6053 0.7426
CU2 0.762 0.000
CU3 0.821 0.000
CU4 0.772 0.000
CU5 0.704 0.000
CU6 0.628 0.000
CU7 0.652 0.000

AI optimization SMFO1 0.842 0.000 0.9407 0.7606 0.9408
SMFO2 0.842 0.000
SMFO3 0.886 0.000
SMFO4 0.891 0.000
SMFO5 0.901 0.000

AI safety SMFO6 0.748 0.000 0.8916 0.5425 0.8846
SMFO7 0.807 0.000
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2017; D’Arcy et al., 2014).
The positive link between workplace safety and cybersecurity, and 

employee wellbeing reinforces prior findings that highlight how feeling 
protected improves employees’ sense of control and reduces stress 
(Kuppelwieser & Finsterwalder, 2011; Subramony et al., 2022). For 
instance, AI’s ability to monitor declines in employees’ physical or 
mental states (Lestingi et al., 2022), detect potential hazards (Hussain 
et al., 2024), and automate safety interventions (Bourahmoune et al., 
2022; Fukumura et al., 2021) reduces exposure to harmful conditions 
and potential health problems, as well as alleviates employees’ per
ceptions of risk and associated stress. In turn, this reduces absenteeism 
(Schaufeli et al., 2009), non-compliance with safety procedures 
(Wallace and Chen, 2005), and accident risks (Nahrgang et al., 2011), 
further improving workplace safety and wellbeing. Likewise, robust AI- 
driven cybersecurity measures address digital threats that can generate 
anxiety and burnout (Pham et al., 2019; Wang et al., 2017). Taken 
together, these mechanisms highlight how strategic AI deployment can 
foster a safer and more secure workplace environment, ultimately 
enhancing employee wellbeing (Segkouli et al., 2021).

The analysis of control variables reveals a statistically significant 

correlation between firm size and employee wellbeing, with medium- 
sized companies exhibiting slightly better employee wellbeing 
compared to large companies. This contradicts Kinowska and Sienkie
wicz’s (2022) assertion that smaller organizations often face constraints 
in resources and capacities, limiting their ability to adopt and integrate 
effective workplace wellbeing support. This insight presents an impor
tant opportunity for future research to investigate how AI adoption in
fluences employee wellbeing across companies of different sizes. Other 
control variables such as company age and industry do not significantly 
alter the outcomes, suggesting that businesses across various sectors and 
at any stage of maturity can similarly utilize AI to enhance employee 
wellbeing.

5.1. Theoretical contributions

The theoretical contributions of this study are threefold. First, it 
contributes to the AI adoption literature, which has traditionally focused 
on the technological and economic aspects of AI adoption, such as 
productivity and efficiency (e.g., Mariani et al., 2023), rather than its 
social aspects, such as sustainability and wellbeing (Cubric, 2020). 
While some of the existing literature briefly addresses the social impli
cations of digital transformation such as labor displacement (Brougham 
& Haar, 2018), the discourse on employee wellbeing in digitalized 
workplaces extends beyond this scope. Additionally, this study is the 
first to examine the relationship between AI adoption and employee 
wellbeing, in contrast to studies focusing on separate employee well
being aspects, such as mental health (Yang et al., 2022) or job engage
ment and satisfaction (Braganza et al., 2022). This study confirms that 
AI adoption influences employee wellbeing, although this influence is 
indirectly administered through the improvement of work-related fac
tors. Additionally, this study offers empirical data regarding the out
comes of AI adoption in medium-sized companies, filling a gap in 
research predominantly centered on larger organizations (Kumar et al., 
2022; Oduro et al., 2023).

Second, the study contributes to employee wellbeing literature by 
connecting wellbeing to work-related factors (Lesener et al., 2019) and 

Table 2 
Correlation matrix.

Mean statistics Std. dev. statistics AI adoption AI optimization AI safety

AI adoption 2.1572 1.13499 0.778 ​ ​
AI optimization 3.2845 1.70839 0.503*** 0.872 ​
AI safety 2.9877 1.64816 0.410*** 0.682*** 0.737
Employee well-being 2.9800 1.72000 0.410*** 0.799*** 0.692***

Note: The bold values indicate the square root of AVE; *** p < 0.001.

Table 3 
Results of the structural model.

Path 
estimate

S.E. z p

Controls: ​ ​ ​ ​
Firm size → Employee well-being − 0.109 0.043 − 2.50 0.013
Firm age → Employee well-being 0.029 0.045 0.64 0.522
Firm industry → Employee well- 

being
− 0.024 0.047 − 0.52 0.604

Hypothesized relationships: ​ ​ ​ ​
AI adoption → Employee well-being − 0.111 0.069 − 1.61 0.107
AI adoption → AI optimization 0.542 0.057 9.58 0.000
AI adoption → AI safety 0.563 0.068 8.23 0.000
AI optimization → Employee well- 

being
0.679 0.062 10.90 0.000

AI safety → Employee well-being 0.395 0.086 4.58 0.000

Fig. 2. Conceptual model with hypotheses results This figure presents the results of the structural equation modeling analysis, showing the tested relationships 
between AI adoption, task optimization, workplace safety, and employee wellbeing. Also control variables such as firm size, firm age and firm industry are depicted. 
Path coefficients are indicated for each hypothesized relationship. Solid arrows represent both supported and non-significant paths. Abbreviations: AI = artificial 
intelligence; Wellbeing = employee wellbeing.
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presenting evidence regarding their effects. Past research has exten
sively explored employee wellbeing and digital technologies, under
scoring the importance of considering the role of technology users and 
the ways technology shapes their work context (Golgeci et al., 2025; 
Guan, 2021; Sode et al., 2024). Specifically, the findings exhibit a pos
itive correlation among task optimization, workplace safety, and 
employee wellbeing, corroborating previous research. For instance, 
Boehnlein and Baum (2022) demonstrate that task optimization through 
job crafting enhances aspects of employee wellbeing related to perfor
mance, whereas Subramony et al. (2022) find that effectively imple
menting workplace safety practices reduces emotional exhaustion and 
increases work engagement. This study provides similar evidence in the 
context of digital transformation.

Moreover, using a managerial perspective to assess employee well
being, given the study’s exploratory nature and focus on AI adoption at 
the organizational level, offers a valuable contribution to the existing 
employee wellbeing literature. While most employee wellbeing studies 
focus on employee perspectives, the managerial viewpoint is less 
explored (Vakkayil et al., 2017). Middle managers, with their broad 
understanding of both technological implementation and workforce 
dynamics (Kobayashi et al., 2018; Nadkarni & Prügl, 2021), are well- 
positioned to provide insights into AI’s wider impact on wellbeing. 
Managerial perspectives provide a macro-level view of how AI shapes 
work environments, capturing organization-wide patterns that individ
ual employee reports may overlook. By leveraging managerial assess
ments, we linked AI’s influence on operational outcomes—such as task 
optimization and safety improvements—to the potential wellbeing 
benefits for employees. Future research can expand on this by incor
porating direct employee feedback; however, in this exploratory study, 
managerial input provides an organizational perspective that comple
ments and enriches our understanding of employee wellbeing at the 
individual level.

Finally, this study contributes to the emerging literature on AI and 
employee wellbeing (Nazareno & Schiff, 2021), and the role of AI in the 
workplace (Zirar et al., 2023) and organizational environments 
(Anthony et al., 2023; Ramaul et al., 2025). While most studies, such as 
those by Cebulla et al. (2023), Davila-Gonzalez and Martin (2024), and 
Fisher et al. (2023), conceptualize the link between work-related factors 
(e.g., task optimization, safety) altered by AI and employee wellbeing, 
this study provides empirical evidence for these relationships in digi
talized workplaces. Additionally, we examine the mechanisms through 
which AI exerts its influence—an aspect that some studies have over
looked or treated as self-evident (e.g., Juchnowicz & Kinowska, 2021; 
Soomro et al., 2024). Answering the calls of Nazareno and Schiff (2021) 
and Pereira et al. (2023), we demonstrate how AI impacts employee 
wellbeing through task optimization and safety, offering insights to 
improve both wellbeing and organizational performance—a valuable 
direction for future research considering wellbeing’s significant role in 
organizational success (Kinder et al., 2023).

5.2. Practical implications

This study contributes to the emerging discussion on work quality in 
the digital workplace (Peeters & Plomp, 2022), highlighting how AI 
adoption can support the creation of well-optimized, safe, and healthy 
work environments that benefit both employees and organizations. 
Drawing on JD-R theory (Arboh et al., 2025; Bakker & Demerouti, 
2007), the findings depict how AI adoption can contribute to such en
vironments by influencing employee wellbeing through changes in work 
characteristics, such as task optimization and workplace safety. This 
theoretical lens outlines the mechanisms by which AI can enhance the 
quality of work environments and, in turn, support employee wellbeing.

Understanding these mechanisms is important for organizations and 
policymakers aiming to realize the benefits of AI while mitigating risks. 
Rather than directly improving wellbeing, AI alters work character
istics—such as task execution, workflows, and safety—which in turn 

shape how employees experience their jobs. Thus, to maximize the 
wellbeing benefits of AI adoption, organizations must strategically 
implement AI to improve the aspects of work that are most important to 
employees. This understanding enables organizations to identify and 
plan for both the positive outcomes of AI adoption, such as increased job 
meaningfulness (Tortorella et al., 2025), and the potential risks, 
including job displacement stress (Hopcan et al., 2024) or surveillance 
pressure (Mettler, 2024), thereby informing proactive interventions to 
safeguard employee wellbeing. Policymakers can use these insights to 
develop regulations that promote responsible AI adoption, balancing 
productivity with employee-centered work practices. The findings 
emphasize that organizations adopting AI must consider not only their 
business objectives but also employee needs and values, thereby 
balancing employee performance and efficiency goals with employee 
wellbeing to foster positive workplace experiences.

In addition to aligning AI adoption with employee values, it is 
important to consider potential drawbacks of overexposure to technol
ogy. Research suggests an inverted U-shaped relationship between 
technology use and employee wellbeing, where excessive technology 
can have negative effects (Ottaviani et al., 2023; Rosen & Wischniewski, 
2018). Although the results exhibit that AI adoption can positively in
fluence employee wellbeing through changes in work-related factors, 
these findings caution against assuming that increased technological 
adoption will continuously improve wellbeing, highlighting the need for 
a balanced approach. Therefore, a strategic AI adoption plan may 
include (1) identifying tasks where AI significantly benefits employees, 
which varies across companies, occupations, and roles (Valtonen et al., 
2023); (2) clearly communicating AI’s goals and benefits to enhance 
employee understanding and acceptance (Chowdhury et al., 2022; 
Kelley, 2022); and (3) training employees to mitigate potential adverse 
effects, such as ineffective or unethical AI use (Cao et al., 2021; Feijóo 
et al., 2020; Kelley, 2022).

Finally, practical AI adoption frameworks often highlight the 
importance of strong top-down support and accelerated AI rollout in 
organizations (e.g., Dasgupta & Wendler, 2019). In this regard, the 
findings offer additional insight into the wellbeing benefits of AI beyond 
its widely recognized productivity gains (e.g., McKinsey, 2025; Treves 
et al., 2025). Focusing on the design and communication of these ben
efits is likely to enhance both the quality of implementation and reduce 
resistance (Golgeci et al., 2025). Additionally, as Bankins and Formosa 
(2023) emphasize, the wellbeing impact of AI depends not only on its 
adoption but also on how AI-driven changes are integrated into work 
processes. In particular, the nature of tasks left to employ
ees—something that organizations can control—play a key role in 
determining AI wellbeing outcomes.

5.3. Limitations and future research

While providing valuable insights into AI–employee wellbeing re
lationships, this study has several limitations that open avenues for 
future research. First, the sample is exclusively drawn from companies 
based in Finland, which may limit the generalizability of the findings to 
countries with different technological and economic conditions 
(Kinowska & Sienkiewicz, 2022). For instance, Finland ranks high in AI 
development intensity (Global AI Index, 2024), creating a comparatively 
more favorable environment for AI adoption than in lower-ranked 
countries. Additionally, Finland is known for its strong focus on work- 
life balance and employee wellbeing (Ministry of Social Affairs and 
Health, 2024), with many organizations actively implementing well
being support programs. These may lead to a bias, potentially reflecting 
higher levels of AI adoption and employee wellbeing among Finnish 
respondents.

Second, a limitation of this study is the inability to directly assess 
non-response bias. While some uncertainty remains, the sample was 
aligned with national benchmarks, which helps mitigate this concern. 
Future research could address this more directly by incorporating 

A. Valtonen et al.                                                                                                                                                                                                                               Journal of Business Research 199 (2025) 115584 

9 



designs that allow for the evaluation of non-response patterns.
Third, although the diverse industry representation in the sample 

provides a comprehensive overview, we acknowledge the possibility of 
industry-specific contextual variations. Non-response bias may be pre
sent if industries with lower AI maturity or limited resources were less 
likely to participate in the data collection interviews, suggesting the 
need for future research focused on specific industries. Future studies 
should employ a sectoral approach to discern how industry character
istics, such as regulatory environments, technology adoption rates, and 
workforce composition, affect AI adoption and its subsequent impact on 
employee wellbeing.

Fourth, the sample is mostly comprised of medium-sized companies. 
As the influence of AI and automation on wellbeing varies depending on 
the size of an organization (Kinowska & Sienkiewicz, 2022), replicating 
this study in smaller or larger organizations can yield additional in
sights. Specifically, the differences in organizational structures, cultures, 
and resources between companies of different sizes, which may influ
ence the impact of AI technologies on employee wellbeing, should be 
considered.

Fifth, the exclusive focus on managerial perspective in the sample 
highlights the importance of including employee viewpoints, as both are 
important in workplace wellbeing research (Kinowska & Sienkiewicz, 
2022; Welfare et al., 2019; Wong & Ngin, 1997). Therefore, studies with 
more comprehensive employee perspective sampling strategies will be 
beneficial for a more holistic understanding. Additionally, in-depth in
terviews with individual employees could offer more nuanced insights; 
however, as this is an initial exploratory study, such interviews were 
beyond the scope of this research.

Sixth, while the study did not focus on the potential negative impacts 
of AI, the literature has explored both the positive and negative impli
cations of AI (Grewal et al., 2021). Future research could examine how 
AI affects employee wellbeing in diverse ways, such as enhancing per
formance and achievement through task automation while simulta
neously diminishing social interaction (Zhang et al., 2022).

Finally, this analysis explores only the impact of task optimization 
and safety improvements on wellbeing. Considering that employee 
wellbeing is multifactorial (Kinowska & Sienkiewicz, 2022), future 

research should encompass a broader range of work-related factors and 
their interrelationships. For example, future research should examine 
factors such as social interactions and behaviors (Erel et al., 2022; Welge 
& Hassenzahl, 2016), job meaningfulness (Bankins & Formosa, 2023), 
and employees’ cognitive abilities (Just, 2024).
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Appendix A 

Definition of AI as presented to the survey respondents
In the following, we define the central terminology as it appeared in the survey instrument:
Artificial Intelligence (AI) refers to an umbrella of technologies, from unsupervised machine learning to regression analysis and data management 

(Lichtenthaler, 2020; Lee, 2020). Building on existing definitions (Enholm et al., 2022; Mikalef & Gupta, 2021), AI is a field of technology that 
combines computer science and large datasets to solve problems and make predictions. It also includes the subfields of machine learning and deep 
learning, which may be used in a variety of industrial applications, such as semi-autonomous/autonomous systems or digital twins [further see, e.g. 
(Holopainen et al., 2024)], and more recently, in a variety of Generative AI applications (Ritala et al., 2024a). In this article, and the definition 
presented to the survey respondents, AI describes the ability of a system to identify, interpret, make inferences, and learn from data to achieve specific 
goals and tasks through flexible adaptation (Haenlein & Kaplan, 2019). In line with this definition, an AI application is any system that can generate 
insights from data and act based on these to reach a set of objectives. This capability is also referred to as “cognitive ability” whereby AI resembles the 
human brain’s ability to think and act intelligently (Bytniewski et al., 2020) while using different technological means to do so.

From a business perspective, companies use AI to augment, optimize, streamline, and automate their business processes across the entire value 
chain and operational function, including HR, manufacturing, marketing, sales, quality control, IT, and finances (Treves et al., 2025).
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Appendix B 

Table 1B 
Survey Instrument [short version].

Measures Measurement item References

​ To what extent is your organization currently using AI in the following business 
areas: 
(1 = not at all, 7 = to a great extent)

(Bouschery et al., 2023; Davenport & Mittal, 2023; Enholm et al., 2022; Mikalef 
& Gupta, 2021; Wamba-Taguimdje et al., 2020)

AI adoption CU1. Business planning and decision making (Enholm et al., 2022; Makarius et al., 2020; Mikalef & Gupta, 2021; Wamba- 
Taguimdje et al., 2020)

CU2. Customer relationship management (Enholm et al., 2022; Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)
CU3. Finance and budgeting (Enholm et al., 2022; Mikalef & Gupta, 2021)
CU4. Human resources (HR) (Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)
CU5. Logistics and supply chain management (Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)
CU6. Manufacturing and production (Makarius et al., 2020; Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)
CU7. Product and service design (Enholm et al., 2022; Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)

​ To what extent does AI currently effect the following business processes within 
your organization: 
(1 = not at all, 7 = to a great extent)

(Enholm et al., 2022; Davenport & Mittal, 2023; Makarius et al., 2020; Malik 
et al., 2022; Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)

AI optimization SMFO1. Relieve employees of repetitive tasks (Enholm et al., 2022; Mikalef & Gupta, 2021; Wamba-Taguimdje et al., 2020)
SMFO2. Ability to focus on other activities that require more human 
specialist knowledge and expertise like research and management

(Enholm et al., 2022; Makarius et al., 2020; Wamba-Taguimdje et al., 2020)

SMFO3. Unlock insight and patterns hidden in large volumes of data (Enholm et al., 2022; Davenport and Mittal, 2023; Mikalef & Gupta, 2021)
SMFO4. Overcome human-cognitive limitations in handling large volumes 
of data

(Enholm et al., 2022; Makarius et al., 2020; Mikalef & Gupta, 2021; Wamba- 
Taguimdje et al., 2020)

SMFO5. Faster and better decision-making (Enholm et al., 2022: Davenport & Mittal, 2023; Mikalef & Gupta, 2021)
AI safety SMFO6. Improve Occupational Health (Enholm et al., 2022; Makarius et al., 2020)

SMFO7. Improve Data Security (Mikalef & Gupta, 2021)
Employee 

wellbeing
SMFO8. Increase employee wellbeing (Enholm et al., 2022; Makarius et al., 2020)

Appendix C 

Table 1C 
Descriptive statistics, Industry (area of operation).

Service category n % of Total Manufacturing category n % of Total

Distributive trade sector 36 17,4% Manufacturing 64 30,9%
Professional, scientific, & technical activities 28 13,5% Construction 25 12,1%
Administrative & support service activities 18 8,7% Electricity, gas, steam, & air conditioning supply 5 2,4%
Information & communication services 15 7,2% Water supply, waste, & remediation activities 3 1,4%
Transportation & storage services 8 3,9% Mining & quarrying 1 0,5%
Accommodation & food services 3 1,4% ​ ​ ​
Real estate 1 0,5% ​ ​ ​

Table 2C 
Descriptive statistics, Firm size.

Medium enterprises (n of employees) n % of Total Large enterprises (n of employees) n % of Total

50–249 167 80,7% 1000+ 4 1,9%
​ ​ ​ 500–999 8 3,9%
​ ​ ​ 250–499 28 13,5%

Data availability

The authors do not have permission to share data.
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Abstract
Purpose – Digital transformation is a complex and continuous process that presents significant challenges for 
companies and employees. Employee resistance, a factor often cited for the failure of digital initiatives, hinders 
these initiatives and contributes to stress, affecting employee well-being – a connection not yet fully explored in 
extant literature. Therefore, this study aimed to determine the factors that increase employee resistance to digital 
transformation and how it can be mitigated.
Design/methodology/approach – This study adopts a multiple case study approach to analyze qualitative data 
from ten industrial companies in Finland.
Findings – Factors influencing resistance at the individual, organizational, and technological levels were 
identified, and three key components of the resistance mitigation strategy from the case companies were 
identified: learning, communication and participation. The findings, supported by relevant literature, link 
resistance to employee well-being and propose that the identified mitigation strategy reduces resistance and 
supports employee well-being during digital transformation.
Practical implications – This study provides practical implications and suggests avenues for future studies to 
examine this unsaturated yet important research area.
Originality/value – This study is among the first to empirically examine employee resistance in digital 
transformation and link it to employee well-being.
Keywords Resistance, Well-being, Digital transformation, Employees
Paper type Research paper

1. Introduction
Digital technologies disrupt industries and force companies to adapt to the new digital reality 
(Gurbaxani and Dunckle, 2019; Kane, 2019; Vial, 2019). To remain competitive, companies 
invest in digital technologies and strategically leverage their resources and capabilities to 
fundamentally transform their operations and business models (Gong and Ribiere, 2021). This 
shift, described as digital transformation (DT), is a multifaceted phenomenon that reshapes 
structures, processes, capabilities, roles, and boundaries within companies (Holopainen et al., 
2022). Despite its significant performance enhancement potential (Vial, 2019), the 
implementation of digital technologies frequently encounters substantial difficulties and 
often fails (Oludapo et al., 2024). Various studies reported DT failure rates ranging from 66% 
to 90% (Libert et al., 2016; Ramesh and Delen, 2021). And this failure could result in trillions 
of dollars in losses globally, according to the IDC’s (2022) data on global spending on 
technologies and services for DT.

Among the common causes of DT failure, employee resistance stands out as a significant 
barrier (Vial, 2019; Oludapo et al., 2024). The literature highlights the central role of
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employees in DT, particularly in the introduction, adoption, and utilization of digital 
technology (Kane, 2019; Nadeem et al., 2024). DT reshapes employee roles and skill 
requirements, significantly altering the nature of their work (Demerouti, 2022; Vial, 2019) and 
intensifying the pressures associated with organizational change. Employee resistance in DT 
context, which stems from rapid technological changes and difficulty in individual and 
organizational adaptation (Kane, 2019), can manifest in affective, cognitive, and behavioral 
forms (Weber et al., 2022) including passive resistance, active sabotage, verbal resistance, 
procrastination, protest, criticism, and the non-use of systems (Lapointe and Rivard, 2005), 
which is in line with innovation resistance theory (IRT) posing that resistance to innovation 
can take active or passive forms (Ram and Sheth, 1989). Resistance to DT involves more than 
simply resistance to new technologies (Trenerry et al., 2021). Therefore, although the 
integration of digital technologies forms the basis for DT, individual and organizational factors 
should be considered to reduce resistance and achieve strategic DT goals (Holopainen et al., 
2023). While much research has focused on how DT shapes business and strategy (e.g. Kraus 
et al., 2021; Verhoef et al., 2021), the human aspect is less understood (Nadeem et al., 2024), 
particularly regarding the factors that evoke resistance to DT in employees and appropriate 
responses to mitigate this resistance. Emerging studies have identified employee resistance to 
change and challenges in adopting new technologies as two primary reasons for DT failure, 
highlighting the need for further research in this area (Oludapo et al., 2024).

Since DT often exerts significant transformative and disruptive forces, driving substantial 
changes within organizations (Scholkmann, 2021), it can generate considerable stress in 
employees who are pressed to adapt quickly. Resistance to these change further amplifies this 
stress (Zhang et al., 2023; Diedericks et al., 2019), compounding its adverse effects on 
employee well-being. However, despite its significance, the relationship between employee 
resistance and well-being has been largely overlooked in the literature. Employee well-being is 
increasingly recognized as an important prerequisite for employee and organizational 
performance (Johnson et al., 2020), and a significant factor influencing DT effectiveness 
(Selimovi�c et al., 2021; Trenerry et al., 2021). Ignoring the effects of resistance can not only 
reduce employee well-being but also hinder DT and damage organizational performance and 
competitiveness, depending on the success of a company’s digital strategy.

Thus, studying how to manage DT from an individual perspective and placing employees at 
the center of the process is essential for ensuring its success. Specifically, this study explores 
the factors that drive employee resistance to DT and how this resistance can be mitigated—an 
area of study that is still in its early stages of investigation, particularly regarding individual 
and organizational dynamics (Nadeem et al., 2024; Oludapo et al., 2024). While resistance is 
known to exacerbate stress (Zhang et al., 2023; Diedericks et al., 2019), which can potentially 
negatively affect employee well-being—another factor in DT success (Trenerry et al., 2021)— 
this relationship remains largely unexplored and requires further investigation. Therefore, this 
study addressed three main questions:

(1) What kinds of factors increase employee resistance to DT and how can it be mitigated?

(2) How does resistance influence employee well-being?

(3) How can companies manage employee resistance to DT while simultaneously 
supporting employee well-being?

By adopting a multiple case study approach, this study analyzed qualitative data from ten 
industrial companies in Finland selected for their experience and advancement in DT. The 
study explored employee resistance to DT, strategy to mitigate it, and its impact on employee
well-being.

To summarize, this research contributed to organizational change and DT literature (Hanelt
et al., 2021; Dąbrowska et al., 2022; Minh and Thanh, 2023) by providing empirical evidence
on factors driving resistance at the individual, organizational, and technological levels and
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detailing effective resistance mitigation strategy, including learning, communication, and 
participation components. Based on this study’s findings and the relevant literature, this study 
proposes that the components of a resistance mitigation strategy can play a mediating role 
between resistance factors and employee resistance, thereby reducing resistance and 
simultaneously supporting employee well-being during DT. This dual focus on employee 
resistance and well-being bridges an important gap in the literature by offering a more human-
centered perspective on DT. Practically, the study provides actionable guidance for managers 
to navigate the complexities of DT while maintaining both employee performance and well-
being, ensuring a more sustainable and effective DT process.

2. Theory
2.1 Employee resistance and resistance mitigation strategies in digital transformation
Resistance to DT can be positioned within the broader framework of innovation resistance 
theory (IRT), which examines individuals’ reluctance to adopt new products, services, or ideas 
due to perceived risks, effort, or incompatibility with existing values and believes (Ram and 
Sheth, 1989). IRT emphasizes that resistance arises not solely from the characteristics of the 
innovation itself, but also from the context in which it is introduced and the user’s subjective 
evaluation of its impact (Kleijnen et al., 2009; Chawla et al., 2024). Within organizations, this 
resistance becomes particularly complex, as employees must not only adopt but also integrate 
new technologies into their daily workflows, often under significant pressure to adapt quickly.

Extending IRT to organizational contexts, employee resistance represents a specialized 
form of innovation resistance influenced by multilevel factors. Unlike individual consumer 
decisions, resistance in the workplace is shaped by organizational culture, leadership, and 
collective dynamics, alongside personal fears of job loss, technostress, and skill obsolescence 
(Holopainen et al., 2023; Syed et al., 2023). DT, in particular, exemplifies this challenge, as it 
involves widespread organizational changes that require employees to learn and adapt to new 
tools while confronting potential disruptions to their roles (Vial, 2019).

DT encompasses organization-wide changes through the innovative use of digital 
technologies (Gong and Ribiere, 2021) such as automation, artificial intelligence, cloud, big 
data and analytics, digital twins, IoT, machine learning, and robotics (Trenerry et al., 2021). 
These technologies augment employee tasks, change how employees collaborate and solve 
problems, and equip them with enhanced creativity and innovation (Weber et al., 2022). 
However, while digital technologies typically boost employee efficiency, productivity, and 
innovation, they require employees to learn and adapt to new digital tools and heighten their 
concerns regarding technology-induced labor displacement (Brougham and Haar, 2018).

Within the DT context, employee resistance can be defined as an attitude or action that 
opposes the use of new or updated technology (Eyel and Mete, 2021). In DT, resistance to 
change is a significant barrier that can hinder digital initiatives’ success, which companies 
should effectively address (Holopainen et al., 2023). Specifically, resistance to change raises 
critical discussions about its influence on the methods and speed of technology 
implementation in organizations (Vial, 2019). Employee resistance is often considered a 
negative reaction to organizational change, where individuals and groups view these changes 
more as threats than opportunities (Eyel and Mete, 2021). Resistance manifests in three 
dimensions: affective (how individuals feel), cognitive (how individuals think), and 
behavioral (how individuals act) toward the change (Oreg, 2006). Behavioral resistance can 
be either covert (disinterest, distancing, or inaction) or overt (passive, active, or aggressive 
behaviors) (Lapointe and Rivard, 2005). Recent studies distinguish between technology 
adoption and resistance, noting that they are influenced by different factors (Chawla et al., 
2024). However, reducing resistance is crucial for users to accept technology.

Previous user resistance studies emphasized common reasons for technology resistance, 
such as a preference for the status quo and the discomfort associated with change (Mulki et al., 
2012). Several theories explain user resistance based on how users evaluate changes (e.g. Kim
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and Kankanhalli, 2009; Klaus and Blanton, 2010; Laumer et al., 2016). These theories suggest 
that employees decide to resist based on their effort versus outcome assessment (Joshi, 1991), 
the benefits and costs of switching (Kim and Kankanhalli, 2009), and peer comparisons (Klaus 
and Blanton, 2010). Additionally, resistance is influenced by technological change being 
perceived as threatening, of low value, incompatible, or unsatisfactory (Lapointe and Rivard, 
2005; Samhan and Joshi, 2017; Laumer et al., 2016). Regarding DT resistance, previous 
studies mentioned additional factors such as vested interests (Davison et al., 2023) and a rigid 
and controlling organizational culture (Syed et al., 2023). However, studies on DT resistance 
remain scarce. Given that DT involves comprehensive organizational changes beyond merely 
adopting new technologies, a multilevel approach to studying DT (and its aspects such as 
resistance) has been proposed to consider not only technological but also individual and 
organizational factors (Trenerry et al., 2021).

Various strategies have been suggested to analyze and overcome DT resistance. Recent 
studies highlighted the need to shift the organizational mindset and identity to reduce digital 
technology resistance (Trenerry et al., 2021). Jones et al. (2021) found that viewing digital 
technology as a threat increased resistance, whereas training encouraged acceptance. 
Holopainen et al. (2023) argued that new skills and mindsets among employees and 
management are crucial to support digital technology use, manage uncertainty, and foster 
collaboration, to mitigate resistance. Chawla et al. (2024) applied the IRT with three new 
constructs to understand resistance toward technology platforms, suggesting that training, 
education, and support can facilitate adoption. Additional effective strategies include informing, 
guiding, and involving employees in the change process (Peschl and Sch€uth, 2022) and aligning 
digital technology use with the existing organizational culture (Singh and Hess, 2017).

Furthermore, companies require strategic readiness for DT, which includes a willingness to 
change, a culture of continuous learning, and digital capabilities (Holopainen et al., 2022). For 
companies to be successful, they should attract new digital talent and develop existing 
employees’ digital skills (Kane, 2019). Nadeem et al. (2024) recommended employee training 
focused on openness to change, technology acceptance, and resilience to manage stress. This 
addresses the specific challenges that employees face during DT.

However, understanding resistance in the context of DT remains largely conceptual, and 
more empirical evidence is required (Vial, 2019; Eyel and Mete, 2021; Oludapo et al., 2024), 
representing a gap that this study aims to fill, particularly in identifying resistance factors 
contributing to employee resistance to DT. In addition, since DT affects various organizational 
areas (Gurbaxani and Dunkle, 2019), it highlights the importance of understanding resistance 
at the individual, organizational, and technological levels.

2.2 Employee well-being during digital transformation
Organizational change is a source of stress for employees due to the associated uncertainty 
(Mulki et al., 2012). DT, characterized by the integration of digital technology into all areas of 
organizational functioning, introduces an additional layer of impact on employees. DT 
escalates technology intensity within workplaces, which is evident from the widespread 
adoption of digital tools and the evolution of work environments, employee roles, and task 
execution (Demerouti, 2022). Beyond resistance to change, employees are challenged by DT’s 
complexity, omnipresence, and perceived perpetual nature (Trenerry et al., 2021). This can 
significantly alter employees’ emotional and functional work responses and self-perception 
within the work environment, resulting in technology-related stress (technostress) and anxiety 
(Zhang et al., 2023). Zhang (2023) suggested that technostress, driven by individuals’ 
perceptions of technology as a stressful experience, increases their resistance to new 
technology. Technological resistance leads to psychological outcomes such as stress, 
frustration, nervousness (Diedericks et al., 2019), skepticism, and emotional pain (Alohali 
et al., 2020). Extant literature connects these outcomes to employee well-being (Pag�an-
Casta~no et al., 2020; Trenerry et al., 2021).
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Employee well-being can be broadly defined as a concept related to how well employees 
function and feel in the workplace (Keeman et al., 2017). Pag�an-Casta~no et al. (2020) posited 
that previous studies on employee well-being typically focused on three dimensions: 
performance, health, and relationships. Performance encompasses how effectively employees 
execute their duties and how their perceptions of professional growth and learning 
opportunities, job security, and positive workplace experiences influence their job 
satisfaction (Gould-Williams, 2003). Health encompasses physical and mental health, 
influenced by factors such as stress, anxiety, and work exhaustion (Grant et al., 2007). 
Relationship encompasses aspects of social well-being, such as the quality of relationships 
within an organization (Grant et al., 2007). At the employee-employee level, this dimension 
focuses on the quality of employee cooperation and interaction. At the employee-supervisor/ 
organization level, this dimension focuses on organizational/managerial support, social 
exchange, and corporate trust. All employee well-being dimensions are highly interconnected 
(Valtonen and Kimpim€aki, 2023). Emerging studies on how digital technologies affect 
employee well-being uncovered the complex effects across various dimensions of well-being 
by influencing work-related factors. Work-related factors include work engagement (Peeters 
and Plomp, 2022), mental strain (Abeliansky et al., 2024), workplace ergonomics 
(Bourahmoune et al., 2022), and collaboration (Nourmohammadi et al., 2022).

While digital technology’s influence on employee well-being may be negative (Braganza 
et al., 2021), positive (Giuggioli and Pellegrini, 2022), or mixed (Nazareno and Schiff, 2021), 
the relationship between resistance to technology-induced change and well-being remains 
unclear creating a gap in the literature. Comprehensive studies are required to explore the 
effects of technology-induced resistance on well-being and develop strategies to mitigate these 
impacts, thereby enhancing employee support during technological transitions (Qi et al., 
2024). Our study takes an initial step in this direction by building on empirical evidence and 
drawing from relevant literature to connect employee resistance to DT to employee 
well-being.

3. Study approach
3.1 Method
This study adopted a qualitative case study approach, which utilizes contextual data to 
examine a complex phenomenon and understand it more deeply (Barratt et al., 2011). 
Specifically, this study employed multiple holistic cases to explore this phenomenon across 
various contexts, allowing unique patterns within cases and recurring patterns between cases 
to emerge, thereby providing robust results for theory development (Barratt et al., 2011; Yin, 
2018). While there is no consensus on the exact number of cases required for multiple case 
studies, ten cases are commonly regarded as a sufficient number on condition that data 
saturation is achieved (Eisenhardt, 1989; Marshall et al., 2013; Keutel et al., 2014; Yin, 2018). 
In this study, the number of cases was determined based on the principle of data saturation, 
which was reached during data collection. This ensured that the findings comprehensively 
captured recurring themes and patterns aligned with the study’s research objectives.

3.2 Data collection
This study examines ten companies operating in Finland, comprising both small and medium-
sized enterprises (SMEs) and large enterprises across diverse industries (Table 1). The 
inclusion of this broad representation enhances the generalizability of the findings (Polit and 
Beck, 2010). The companies were selected based on their advanced stages of DT and 
significant experience in adopting cutting-edge technologies outlined in Table 1, thus offering 
robust insights into resistance patterns and factors shaping successful DT across varied 
organizational scales. Finland serves as a suitable context for studying employee resistance to 
DT due to its leading position in digitalization and digital progress within Europe, as
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highlighted by the Digital Economy and Society Index (DESI) report (European Commission, 
2022). It provides a unique opportunity to investigate challenges associated with employee 
adaptation in highly digitalized contexts. Furthermore, SMEs were selected based on 
established criteria of having fewer than 250 employees, an annual turnover of less than V50 
million, and/or a balance sheet total <V43 million. The respondents were required to have 
relevant knowledge of digital technologies in various company areas. Participants from 
different departments and managerial positions were selected, particularly from the developer 
and user perspectives, to provide diverse and high-quality responses to the research questions.

Data were collected from March to May 2023 through open-ended interviews conducted 
online via Teams, involving one representative from each of the ten selected companies, whose 
roles are detailed in Table 1. Each interview, conducted by a single researcher to maintain 
consistency, lasted 30–60 min. The interviews were structured according to predetermined 
themes and questions but allowed deviations for emerging topics and in-depth questioning as 
needed. This approach facilitated relevant discussions and enabled simultaneous exploration 
of additional questions (Saunders et al., 2015). All interviews were recorded and transcribed 
with the participants’ consent to facilitate the data analysis.

3.3 Data analysis
Thematic analysis was used to identify patterns within the collected data (Braun and Clarke, 
2006). The analysis process consisted of six steps: familiarizing oneself with the data, 
generating initial codes, searching for themes and subthemes, reviewing these themes, 
defining them, and generating the report. Each interview was iteratively coded using NVivo to

Table 1. Selected companies’ information

Company Industry Size Key technologies Participant
Technological
role

A Pulp and 
paper

Large AI, big data and analytics, 
IoT, machine learning and
vision, and VR/AR 

Manager of the 
Process Technology 
department

User

B Conveyor
solutions

SME Analytics, automation, and
robotic

CEO User

C Construction Large Automation, big data and 
analytics, and robotic

Controller User

D Wood
processing

Large Analytics, automation IoT,
machine vision, and 
optimization

Production Planner User

E Recycling Large Analytics, automation, and 
robotic

Operations 
Manager

User

F Material
handling

SME AI, automation, big data and
analytics, digital twin, IoT, 
robotics, and machine 
learning

Director of Sales
and Services

Developer

G Wood
processing

Large AI, big data and analytics,
digital twin, machine 
learning, and robotics

Head of
Engineering and 
R&D

Developer

H Metal Large AI, analytics, automation, 
digital twin, and machine 
learning

Director of 
Software 
Engineering

Developer

I Clothing SME AI, automation, and big data
and analytics

CEO Developer/
User

J Metal Large Analytics and automation The Technology 
and R&D Director

Developer

Source(s): Table created by authors
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extract the relevant information and remove the irrelevant data. Coding was performed in 
NVivo using participants’ direct phrases to maintain their perspectives and prevent 
misinterpretation (Rivas, 2012). The focus was on employees’ resistance to digital 
technology changes, the strategies companies employed, and how digital technologies 
support employee well-being. After coding, a second researcher reviewed the initial codes and 
discussed the preliminary results to ensure validity (Yin, 2018). The unit of analysis was the 
entire company.

4. Results
This study’s findings are categorized into two main groups: factors that contribute to employee 
resistance to new technologies (Figures 1–3), and factors that can potentially mitigate this 
resistance (Figures 4–6). These findings form the basis for proposing relationships between 
employee resistance, components of the resistance mitigation strategy, and employee well-
being (Table 2). Additionally, based on the interview analysis, this study elucidated how 
technology can contribute to improving employee performance, health, and relationships in 
the workplace, thereby enhancing employee well-being (Appendix).

4.1 Reasons for resistance
The empirical analysis indicated that 12 factors contribute to employee resistance to new 
technologies in the selected companies. The identified resistance factors were systematically 
classified across three levels: individual, organizational, and technological. This classification 
assists in more effectively understanding and addressing resistance at different levels. 
Thematic maps with an overview of the findings are presented in Figures 1–3, showing two 
codes for each subtheme as an example. Each of these factors is briefly discussed below.

4.1.1 Individual. Lack of awareness. Some participants reported low awareness of 
advanced technologies among their employees. The lack of awareness stemmed from the 
limited use of and exposure to these technologies, leading to an inability to fully understand 
their functions (Company B). Consequently, employees may find it challenging to articulate 
their needs or questions regarding new technologies, which prevents them from effectively 
engaging with these technologies. Even in large, technology-focused companies, employees 
often lack awareness of new technologies unless they are directly involved with them 
(Company A).

Lack of understanding. Several companies noted that a lack of understanding of the benefits 
of technology is a key driver of resistance. Employees’ lack of understanding regarding why 
they need digital technology can deter them from attempting to use it (Company C). Even 
when employees are informed about the excellence of a new system or device, a lack of 
understanding of its function and benefits for their own work can reduce their willingness to 
engage with it (Company E). While some companies attribute it to employees’ unwillingness 
to learn, Company A recognized that poor communication regarding new technologies on the 
company’s side contributes to the problem.

Unwillingness to learn. Some participants acknowledged that not every employee was 
capable or willing to learn how to use new systems, even when good instructions were 
provided (Company C). This issue is particularly evident with technologies in their nascent 
stage; thus, their functioning is imperfect (Company D). This lack of interest in learning, 
combined with the initial shortcomings of newly deployed technologies, exacerbates 
employee resistance.

Status quo bias. Interview insights revealed a common pattern: the initial excitement 
regarding new technologies was often tempered by the comfort and familiarity of existing 
practices, leading to resistance. Company B noted that approximately 20% of its employees 
were reluctant to change and adapted only when necessary. This adjustment involves phases 
such as initial paralysis, learning new systems, and operating in a dual-system phase before
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fully transitioning (Company B). Moreover, integrating technologies into daily tasks and 
allocating time for new work methods pose challenges (Company C).

Individual differences. Individual differences such as age, education, and tenure affect 
receptiveness to new technologies. Younger employees typically adapt more quickly than 
older employees who often have years of experience in established systems and show greater 
resistance (Companies D and I). Additionally, educational disparities play a role: less-
educated employees, such as factory workers, engage less with new technologies, often due to 
limited access to digital tools (Company B). Furthermore, new hires are generally more open 
to novel systems than long-term employees, who are required to transition from the old 
systems to new systems (Company E).

4.1.2 Organizational. Flawed technology implementation. A participant from Company A
emphasized a significant gap between planning and actual implementation of technology 
projects. Although employees are initially positive about new technologies, early plans often 
oversimplify the implementation and fail to anticipate practical challenges. This leads to a 
difficult and prolonged deployment, increasing employee frustration and resistance. 
Additionally, access and inclusion issues during implementation, particularly in factory 
settings where many workers lack access to digital tools or the Internet, make digitalization 
projects more challenging. This exclusion limits employees’ understanding of and 
engagement with new technologies (Company B). Moreover, Company A noted 
insufficient communication regarding the benefits of the new technologies.

Lack of talent. Several participants emphasized the shortage of specialized talent necessary 
for leading technology implementation projects. They noted that hiring new employees who 
already possess expertise in the latest technologies is a more effective approach for acquiring 
know-how than online lectures or workshops (Company B). However, finding individuals 
who understand new technologies and are motivated to lead technological projects is difficult.

Figure 1. Thematic map of individual factors contributing to employee resistance
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Additionally, these individuals should be able to communicate effectively across specialized 
teams; however, such individuals are rare in the job market (Companies A and I). This talent 
deficit hinders effective technology integration and reinforces resistance owing to a lack of 
guidance and expertise.

Technology imposition. Some employees reportedly perceived new technologies as being 
imposed on them by companies. The participant from Company A indicated that when a 
company rapidly introduces new technologies, it can overwhelm employees. This rushed 
approach creates a perception of coercion because employees feel pressured not only to grasp 
these changes but also to innovate or provide solutions quickly.

4.1.3 Technological. Poor usability. Technological limitations significantly contribute to 
the resistance to new systems. An identified major issue was the lack of user-friendliness 
(Companies C, D, and I). Owing to their complexity or non-intuitive interfaces, some new 
systems may require significant time investment to learn how to use them (Company C). This 
increases users’ stress and resistance to change, and, consequently, decreases their ability to 
adopt new systems, creating a reluctance to learn how to use a new technological solution 
while adhering to the old one (Company I).

Malfunctions. Technical issues and breakdowns further increase resistance because they 
introduce frustration and negative experiences with technology (Company H). For example, 
Company D reported that the laborious nature of certain technology projects, compounded by 
the technology being “raw” or non-functional during the implementation phase, significantly 
diminished employees’ interest in utilizing this technology.

Overuse. Additionally, there is concern that technology can become too pervasive, as noted by 
the overwhelming use of platforms such as Teams, suggesting the need for balance in technology 
use considering human limitations and preferences (Company B). Company A emphasized the 
issue of “forced innovation,” where the rapid pace of technological advancement and the pressure 
to use these technologies for continuous innovation contribute to increased stress among 
employees. This relentless push for novelty often leaves the benefits of such developments 
undefined or absent. Moreover, frequent changes in technological solutions can induce anxiety 
among users, resulting in a decrease in their desire and ability to adapt to new systems (Company I).

System inflexibility. Some participants reported issues with the scalability and adaptability 
of new technologies (e.g. Company E). This problem is particularly prominent in SMEs. Large 
international systems are often unsuitable for everyday use in smaller companies owing to 
their inflexibility and lack of customization options. If the systems are not tailored to meet 
employees’ needs, they are likely to avoid using them (Company B). Technological limitations 
contribute to resistance when employees perceive the technology as flawed and ineffective.

Figure 2. Thematic map of organizational factors contributing to employee resistance
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4.2 Components of resistance mitigation strategy
The empirical analysis of strategies for mitigating employees’ resistance to digital 
technologies in the selected companies indicated 11 factors allocated across three 
components: learning, communication, and participation. Thematic maps with an overview 
of the findings are illustrated in Figures 4–6. Each of these factors is briefly discussed below.

4.2.1 Learning. Individual learning. To mitigate employee resistance, companies should 
increase their internal awareness and understanding of new technologies. Despite some 
skepticism, many employees are willing and ready to learn about these advancements 
(Companies C, D, G, H, and J). The participants emphasized the need for employees to 
prioritize learning and dedicate time to new technologies, noting that without scheduled time, 
learning is often sidelined by daily tasks (Company C). By learning from industry leaders, 
partners, and competitors, employees can enhance their knowledge about new technologies 
and integration strategies (Company A). This familiarizes them with upcoming changes and 
enables them to ambitiously support the company’s technological leadership (Company G).

In-group training. The participants suggested that small-group peer training could enhance 
employees’ understanding of new technologies and improve communication. This approach, 
along with providing clear guidelines, is an effective way to demonstrate the benefits of new 
technologies (Companies B, C, and J). Such training addresses the resistance that often arises 
from a lack of understanding regarding what technologies can accomplish, thereby aiding 
resistance mitigation (Company E). Employees generally exhibit less resistance after 
overcoming the initial learning curve and understanding the benefits, particularly when 
technologies simplify the most difficult or demanding aspects of their work (Companies B, G, 
and J). For example, individuals engaged in physical labor value automation to ease their 
workload (Company J). Company B emphasizes that learning in small groups facilitates 
mutual knowledge exchange and creates a supportive learning environment, reinforcing 
understanding and acceptance among employees.

Opportunity for continuous learning. Employees with higher education levels, such as 
designers, middle managers, and recent graduates, tend to be more receptive to new 
technologies owing to their familiarity with current academic concepts, facilitating adaptation 
(Companies B and D). To maintain this momentum, integrating experimental development 
and continuous learning into organizational practices keeps employees and companies at the

Figure 3. Thematic map of technological factors contributing to employee resistance
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forefront of technological advancement (Company H). For example, allowing employees to 
experiment with new technologies in controlled environments, such as temporary assignments 
to new workstations, effectively reduces resistance by establishing learning steps for 
technology adoption (Company J). Additionally, tools such as digital twins enable virtual 
learning, reduce reliance on specific expertise, and enhance organizational flexibility 
(Company G). Moreover, some employees recognize that new technologies streamline their 
daily tasks and enhance their job competitiveness and security, potentially increasing their 
motivation for continuous learning (Company E).

In-house development of expertise. High-tech companies often collaborate with partners 
who specialize in certain tasks, such as software development, recognizing that it is 
impractical to house all necessary talent internally. However, the participants agreed that true 
expertise and innovation stem from having skilled individuals in-house (Companies B and G). 
They argued that hiring skilled individuals and building a core team of experts in-house are 
more effective for gaining know-how and potentially onboarding other employees to 
technological change than relying on online lectures or workshops (Company B).

4.2.2 Communication. Connecting new technologies to strategy. Connecting the use of
technology with a company’s strategy can significantly reduce resistance. Company G’s 
ambition to become a technological leader within its industry emphasized the importance of 
employees engaging in new technological solutions and methodologies. Similarly, Company 
C observed that the management’s emphasis on technology-related learning tasks, by 
allocating more employee time to these activities, fostered an increased willingness to adopt 
and utilize new technologies.

Using illustrative examples. Company E aimed to adopt and Company H already employed 
strategy-related digital dashboards in its factory settings. These dashboards featured various 
measures, including safety, to encourage and support individual learning efforts and 
emphasize the significance of work. Company E suggested using illustrative examples of hard 
numbers and job-related situations to emphasize the meaningfulness and significance of 
employees’ jobs in enhancing motivation and job satisfaction. Similarly, in-group training was 
utilized to demonstrate the use of new technologies, thereby illustrating their potential benefits

Figure 4. Thematic map of learning as a component of the resistance mitigating strategy
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for employees’ work (Companies B, C, and J). For example, Company F employed VR glasses 
to demonstrate potential solutions in the early stages of projects, aiding employees in 
understanding what kind of changes can be made to their work methods, and how they might 
change their future job roles.

Reaching out to everyone. Not all employees are equally aware of the aims and benefits of 
an upcoming technological change or have access to means of digital communication, such as 
email (e.g. factory workers). Therefore, individuals from various organizational levels should 
be involved in DT (Company B) to ensure that they comprehend the strategic value of their 
contributions (Company E).

Spanning boundaries. Some participants emphasized the need for enhanced collaboration 
between internal departments in digital projects to improve knowledge sharing and increase a 
Company’s technological adaptability (Company A). This interdepartmental cooperation is 
crucial for the early identification of strategic solutions and the streamlining of digital project 
implementation (Company F). Companies E, H, and G suggested using digital technologies to 
reduce uncertainty and strengthen internal communication. For example, digital twins 
(Company G) and real-time communication channels (Companies H and I) can improve team 
coordination in design, production, automation, and mechanics teams.

4.2.3 Participation. Involving employees in digital projects. Encouraging employee
participation in planning and implementing digital technologies is the key to reducing 
resistance. This involves allowing employees to participate in decision-making processes 
(Company J) and fostering organization-wide active participation (Company B). The 
participants recommended involving experts who possess deep technology knowledge and 
project management skills to streamline discussions and enhance problem-solving. These 
experts can efficiently address specific challenges and facilitate smoother technology 
implementation (Company A). Additionally, conducting small-scale experiments can help 
identify potential challenges and simplify the adoption process. For example, Company J 
introduced new digital technology on a small scale, enabling employees to familiarize 
themselves with a new workstation before a broader rollout.

Engaging with external experts. The continuous evolution of digital technologies 
emphasizes the need for expertise that extends beyond the capabilities of individual

Figure 5. Thematic map of communication as a component of the resistance mitigating strategy
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employees and organizations. To enhance their knowledge base, some companies collaborated 
with external experts (Company G) to aid in identifying available expertise and assess context-
specific needs. Subsequently, this information may inform hiring decisions. Additionally, 
other companies fostered partnerships with different companies and academic institutions 
(Companies B and F) to facilitate the inflow of new insights and opportunities and compensate 
for any in-house expertise gaps.

Recruiting talents. Successful mitigation of employee resistance can be significantly 
enhanced by strategically recruiting the right talent, particularly in fields such as artificial 
intelligence and machine learning. Although companies may initially rely on external experts, 
the consensus is that skilled in-house personnel are crucial for successful development 
(Companies B and G). Recruiting individuals who are competent and adept at understanding 
and addressing both technological and organizational needs can facilitate the integration of 
new technologies and mitigate internal resistance. It is vital to hire “rock stars”—professionals 
with deep knowledge and the ability to apply it effectively—to keep companies at the forefront 
of technological advancements and reduce resistance to new technologies (Company A).

5. Discussion
This study utilized a multiple case study approach to examine employee resistance and well-
being in DT across ten industrial companies in Finland. The reasons behind resistance were 
identified and the strategies that these companies implemented or were planning to implement 
to mitigate such resistance were explored. In this section, this study outlines key strategic 
components to counteract resistance (learning, communication, and participation) and uses 
relevant literature to connect these components to employee well-being dimensions (Table 2), 
followed by formulating propositions for future studies. Furthermore, this study explained the 
relationship between employee resistance and well-being in DT, demonstrating how mitigating 
the former can enhance the latter through the adoption of new technologies (Figure 7).

5.1 Components of resistance mitigation strategy
5.1.1 Learning. Resistance often stems from a lack of awareness and understanding of new 
technologies (Alohali et al., 2020). Increasing understanding regarding how these 
technologies function and their benefits can diminish uncertainty and the perceived threats
of change (Lapointe and Rivard, 2005; Stouten et al., 2018), thereby reducing resistance 
( �Zuperkien _ e et al., 2023). Learning is an important factor for companies to reduce resistance
and motivate employee participation in technological change.

Figure 6. Thematic map of participation as a component of the resistance mitigating strategy
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Individual learning increases comfort and readiness for new technologies, easing
uncertainty and stress, and benefiting mental health. A deeper understanding of technology
improves its usage and enhances employee performance and satisfaction (Limbu et al., 2014).
Additionally, it enhances self-efficacy and empowers and motivates further learning and
applications (Nadeem et al., 2024). In-group training, in which employees learn from
experienced peers and share knowledge, enhances understanding and performance and
strengthens communication and relationships, facilitating organizational change (Stouten
et al., 2018). This peer-supported learning environment promotes psychological and relational
well-being (Gori and Topino, 2020) and reduces experiences of technology imposition.

Practical learning experiences, such as testing new workstations before wider
implementation, allow for gradual engagement with new technologies and reduce the stress
of abrupt changes (Callan, 1993). This hands-on approach enhances comprehension of
forthcoming changes, making the technology more relatable and easier to adopt upon
complete implementation. Such learning opportunities support reskilling and upskilling,
thereby contributing to professional growth and job security. Overall, learning fosters a skilled
workforce that is better equipped and more open to continuous DT. This aligns with the
findings of Cirillo et al. (2023) who found that enhanced digital skills result in increased
technology adoption among employees. Additionally, promoting learning within companies
helps build a core team of in-house experts. Skilled employees implement and promote new
technologies effectively and inspire and educate others, fostering knowledge acquisition and
enhancing performance. This results in smoother transitions, decreased resistance, and lower
stress.

Therefore, this study proposed the following:

P1. Promoting comprehensive learning mitigates employee resistance and supports well-
being in DT.

5.1.2 Communication. Imperfect communication is a common motivator of resistance to new
technologies, with employees often resisting it owing to insufficient information concerning
the benefits and goals of implementation (Stouten et al., 2018; Alohali et al., 2020). If
employees are disconnected from the company’s strategy, they are unable to see the broader
value that new technologies contribute to their work and organization. Aligning technology
initiatives with a company’s strategic goals and clearly communicating these initiatives can
mitigate resistance (Chebbi et al., 2020). Effective communication strategies include
encouraging employees to learn about and experiment with new technologies and showing
them how their contributions fit into the broader company strategy. Such communication
elevates the importance of technology in the eyes of employees, enhances their sense of
purpose, and improves their attitudes toward the company (Stouten et al., 2018). Regarding
communication methods, beyond traditional ones such as dashboards and presentations,
creative approaches such as sauna evenings—a practice common in Finland, as suggested by
Company A—may be effective, indicating that companies may leverage unconventional
communication methods appropriate in their cultural and operational contexts.

Enhancing communication to make it more illustrative and compelling can significantly
increase its impact (Moser and Dilling, 2007). The use of examples and demonstrations of
technological benefits increases understanding and showcases the significance of new
technologies. For example, displaying safety metrics associated with new technology can
justify its use and reduce perceptions of forced adoption. This assists employees in
experiencing less change-associated stress and feeling more positive about the change and the
company. Specifically, employees recognize their company’s efforts to ease their tasks and
appreciate transparency regarding the reasons for technology adoption, thereby fostering a
sense of shared purpose and commitment (Stouten et al., 2018).

It is essential to ensure inclusive communication, particularly in settings such as factories,
where access to traditional communication tools might be limited. Tailoring messages for
different employee groups resonates with employees and increases their engagement (Dudo
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and Besley, 2016). For example, emphasizing specific benefits that facilitate tasks that are 
important to different employees can enhance receptiveness to change and mitigate the 
perception that the company is implementing “yet another unnecessary system.” Furthermore, 
early and transparent dialog between stakeholders and departments assists in breaking down 
silos and streamlining technology implementation (Chebbi et al., 2020). Engaging in-house 
specialists (“rock stars”) promotes productive communication across various technological 
areas and departments. Rieley (2016) found that the early engagement of well-known and 
professionally respected individuals facilitated smoother technology implementation and 
accelerated adoption because these individuals champion technology and facilitate buy-in 
from others. This strategy encourages interdepartmental communication and knowledge 
sharing and promotes alignment and supportive attitudes toward change across the
organization. 

Based on these considerations, this study proposed the following:

P2. Fostering clear and timely communication mitigates employee resistance and 
supports well-being in DT.

5.1.3 Participation. Involving employees in the DT decision-making process decreases their 
resistance by increasing their sense of ownership (Schraeder et al., 2006). This study’s findings 
suggest that companies should create platforms for employees to express their opinions on 
change and encourage broad participation. This approach fosters the acceptance of change and 
increases commitment to the organization. Furthermore, involving employees in the planning 
and implementation phases of digital projects enhances understanding, ensures buy-in, and 
equips them with the new skills necessary for implementing and working with digital 
technologies, thereby nurturing talent within the organization.

If internal expertise is lacking, bringing in external specialists can help bridge the skill gap, 
smooth the implementation process, and reduce stress. While there is a risk of resistance due to 
the “not invented here syndrome” (Ismail et al., 2023), employees generally value external 
expertise that complements their own (Ashforth and Mael, 1989). External collaboration can 
deepen the understanding of technological trends and identify future hiring needs.

However, employing in-house specialists is often more effective than relying on external 
assistance for fostering innovation and promoting change. Recruiting individuals with digital 
skills is crucial for smooth digital project implementation, helps build an internal knowledge 
base and gradually adapts the workforce to digital change. According to Rieley (2016), such 
individuals can effectively champion technological change among other employees and 
facilitate technological implementation. New hires typically resist changes less than long-
tenured employees. Engaging skilled individuals in decision-making and collaborative change 
reduces resistance, smooths the implementation process, and increases personal involvement 
and responsibility among employees, thereby enhancing the acceptance of change-related 
outcomes.

Accordingly, this study proposed the following:

P3. Enabling the participation of employees and strategic partners in DT mitigates 
employee resistance and supports employee well-being.

5.2 Framework for employee resistance and employee well-being
This study’s findings lay the foundation for developing a theoretical framework illustrating 
how employee resistance and well-being interact in a DT context (Figure 7). Regarding 
Figure 7, the solid arrows indicate a positive impact, whereas the dashed arrows indicate a 
negative impact. Employee resistance affects employee well-being by increasing stress, 
nervousness, skepticism, and frustration, which are attitudinal and emotional manifestations of 
resistance behavior during the introduction of new technologies and related changes (Alohali 
et al., 2020; Diedericks et al., 2019). Resistance stems from technostress (Zhang, 2023; 
Bausch et al., 2024), which arises at the individual, organizational, and technological levels. At
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the individual level, this stems from a lack of understanding of change and an unwillingness to 
leave the comfort zone. At the organizational level, the causes include flawed implementation 
due to overly optimistic planning, talent shortages, and poor communication. At the 
technological level, inherent flaws and usability issues in new technologies exacerbate 
resistance. Given that employee well-being dimensions are interconnected (Valtonen and 
Kimpim€aki, 2023), the stress of resisting technological changes affects not only mental but 
also physical health, performance, and relationships.

This study highlights that the components of resistance mitigation strategy—learning, 
communication, and participation—reduce employee resistance while also enhancing well-
being during DT. Regarding resistance reduction, Table 2 illustrates how the components 
address the impact of individual- and organizational-level resistance factors, thereby 
decreasing overall employee resistance. Specifically, encouraging employees to engage 
with new technologies and offering learning opportunities primarily reduce individual-level 
resistance, whereas promoting clear communication and fostering participation mitigate 
mainly organizational-level resistance factors. This study’s analysis indicated that the
interview participants emphasized learning and communication over participation. This 
corresponds with the findings of �Zuperkien _ e et al. (2023), who found that learning and
communication were more effective resistance management interventions than participation.

This study did not address mitigating technological-level factors because this issue has 
been extensively covered in previous literature (e.g. Chatterjee et al., 2021). However, the 
identified technological resistance factors, such as poor usability, malfunctions, and system 
inflexibility, emphasized the importance of human-centric technology development; making 
technology more user-friendly and customizable not only mitigates associated resistance in 
employees (Kandler et al., 2022), but also has a potential for maintaining employee well-being 
when employing new technologies (Werthner et al., 2022; Zhang et al., 2023). Simultaneously, 
although technology characteristics such as user-friendliness are important for technology 
adoption (Chatterjee et al., 2021), this study’s findings emphasized the role of technology 
usage, specifically the negative effects of overuse, which can drain employees, amplify their 
resistance, and decrease their well-being. This suggests the need for employee-technology 
coevolution through learning and training to use technology in a healthy way. This approach 
should be incorporated into the learning component of resistance mitigation strategy to ensure 
that technology use enhances effectiveness and promotes well-being at the same time 
(Werthner et al., 2022).

Figure 7. Framework for managing employee resistance and well-being in DT
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Regarding employee well-being, its improvement occurs through three key mechanisms 
(Figure 7). First, our results suggest that the components of a mitigation strategy should 
address resistance factors at both an individual and an organizational level to reduce 
technostress and, in turn, lower resistance. This reduction in resistance alleviates stress and 
frustration, contributing to improved well-being. For example, respondents reported that 
learning about new technologies helps employees to accept change once they have overcome 
the initial learning curve and their understanding has improved. This finding aligns with the 
literature, which indicates that learning can reduce uncertainty and perceived threats 
associated with change (Lapointe and Rivard, 2005; Stouten et al., 2018). Thus, employee 
well-being is promoted by diminishing technostress and the associated resistance through 
mitigating the resistance factors.

Second, the results provide further insights suggesting that the components of resistance 
mitigation strategy—such as commitment- and trust-building communication, empowering 
learning experiences that enhance performance, and participation that fosters the sense of 
ownership—have direct influence on well-being dimensions, as shown in Table 2. For 
example, in-group training enhances employees’ understanding of new technologies, 
empowering them and promoting their professional growth—an aspect of the performance 
dimension of employee well-being. In-group training also fosters communication and 
knowledge-sharing, which can improve the quality of relationships within the training group 
(Cabrera and Cabrera, 2002), an aspect of relationships dimension.

Third, leveraging the benefits of digital technologies for well-being (outlined in Table A1) 
and communicating these benefits early in the implementation process may foster a positive 
attitude toward technological changes and reduce resistance with implications for well-being. 
Similarly, experiencing these benefits while working with new technologies may have a direct 
impact on the employee well-being dimensions.

Although the components of the resistance mitigation strategy—learning, communication, 
and participation—can be implemented independently, our analysis suggests that they are most 
effective when applied together, as they reinforce one another. For instance, effective 
communication not only reduces uncertainty about new technologies but also fosters trust and 
encourages participation in decision-making processes. Participation, in turn, can increase 
employee engagement and ownership, creating a supportive environment for learning initiatives. 
Learning strengthens this cycle by equipping employees with the skills and confidence to adapt 
to technological changes, further reducing resistance and encouraging employees to participate 
in digital initiatives and share their knowledge. Together, these components create a cohesive 
approach that addresses resistance from multiple angles and simultaneously improves employee 
well-being, ensuring a more robust and sustainable DT process.

5.3 The mediating role of resistance mitigation strategy in digital transformation
Building on our findings, this study proposes that the resistance mitigation strategy may act as 
a mediator in the relationship between resistance factors and employee resistance (Figure 8).

Figure 8. Proposed model related to the mediator effect of mitigation strategy
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Mediation occurs when a variable explains the mechanism through which one factor affects 
another (Baron and Kenny, 1986). Specifically, a mitigation strategy transforms the impact of 
resistance factors (e.g. implementation drawbacks, perceived technology imposition, or a lack 
of understanding) into reduced resistance by addressing underlying concerns and fostering 
positive engagement with DT. This mediation effect aligns with the literature on 
organizational change, which highlights that structured interventions can diminish 
perceived threats and uncertainty, thereby improving outcomes (Lapointe and Rivard, 2005; 
Stouten et al., 2018). By alleviating resistance factors, a mitigation strategy has the potential to 
reduce employee resistance and enhance well-being, thereby it can play an important role in 
shaping both individual and organizational adaptation during DT.

6. Conclusion
DT is notoriously challenging for companies to manage, as evidenced by the high failure rate 
of such initiatives (Libert et al., 2016; Ramesh and Delen, 2021). A significant contributing 
factor is employee resistance (Vial, 2019; Oludapo et al., 2024). Employee well-being is 
another important but little researched antecedent of the success of digital initiatives and 
overall company performance—often disregarded during challenging technological shifts 
(Johnson et al., 2020; Trenerry et al., 2021). By focusing on individual perspectives and 
placing employees at the center of DT, this study examined employee resistance in the context 
of DT and its relationship to employee well-being. Ten multiple case studies of Finnish 
industrial companies were conducted to identify the causes of resistance and the strategies 
used to mitigate them. The results revealed that resistance stems from individual, 
organizational, and technological factors. This resistance not only hinders DT but also 
heightens stress related to the introduction of new technologies, ultimately diminishing 
employee well-being. However, the findings show that a mitigation strategy incorporating 
learning, communication, and participation can effectively reduce resistance and support 
employee well-being, providing valuable guidance for managing the challenges of digital 
transitions.

6.1 Theoretical contributions
This study contributes to the extant literature on organizational change and DT in four ways. 
First, it explored employee resistance during DT. It identified the origins of resistance at the 
individual, organizational, and technological levels, and proposed three integral components 
of resistance mitigation strategy: learning, communication, and participation. In response to 
Oludapo et al. (2024), this study offers empirical evidence of employee resistance to DT, a 
phenomenon that has been primarily theoretical until now.

Second, this study connected employee resistance, mitigation strategy, and well-being in 
the context of DT, proposing employee well-being as an outcome of a resistance mitigation 
strategy. Specifically, our findings highlight the potential mediating role of the components of 
a resistance mitigation strategy, suggesting that they transform resistance-inducing factors into 
opportunities for employee adaptation and growth. This integration of resistance and well-
being broadens the scope of the literature, which has primarily focused on the direct effects of 
resistance on organizational outcomes (Naveed et al., 2022), by emphasizing the dual benefits 
of resistance mitigation for both individuals and organizations.

Third, our findings address the call in the literature for insights into the impact of DT on 
employee well-being (Dąbrowska et al., 2022; Nadeem et al., 2024). To the best of our 
knowledge, this study is among the first to holistically examine this connection. Previous 
studies have primarily focused on specific components of employee well-being, such as 
mental health (Johnson et al., 2020) and job satisfaction (Gori and Topino, 2020) or examined 
the well-being outcomes of adopting digital technologies in the workplace (Braganza et al., 
2021; Nazareno and Schiff, 2021; Giuggioli and Pellegrini, 2022). Additionally, while extant

ITP
38,8

62

Downloaded from http://www.emerald.com/itp/article-pdf/38/8/42/10071174/itp-05-2024-0701en.pdf by guest on 23 August 2025



literature on DT primarily focused on enhancing organizational performance and 
competitiveness (e.g. Mariani et al., 2023), this study emphasized that individuals are 
central to DT, with their well-being as an important outcome.

Finally, this study developed a framework that integrated resistance, resistance mitigation 
strategy, and employee well-being, setting the stage for future studies. Specifically, it proposed 
a connection between resistance, well-being, and DT-related organizational changes. This 
enhances the understanding of employee behavior during DT and suggests that strategically 
aligning employee well-being considerations with the introduction of new technologies can 
increase the success rate of digital initiatives.

6.2 Managerial contributions
This study provides practical insights and guidelines for addressing employee resistance 
during DT. The study’s findings indicate that organizations may benefit from adopting a 
supportive and mentoring role to help employees prepare for and adapt to digital changes. 
First, fostering a culture of continuous learning and creating accessible learning opportunities 
can help to reduce employee resistance. Providing access to resources and opportunities for 
skill development may also alleviate uncertainty and build employee confidence in navigating 
technological changes. Second, effective communication emerges as a key factor in mitigating 
resistance. Early, clear, and transparent communication about technological changes, 
complemented by examples and demonstrations of the potential benefits for various 
employee groups, can enhance understanding and acceptance. Explicitly linking these changes 
to the organization’s broader strategy may also elevate their perceived importance. Extending 
communication across departmental boundaries and involving respected professionals as 
champions to support onboarding efforts could further enhance the effectiveness of change. 
Third, it is important to involve a broad range of participants in the DT process. Including both 
internal and external stakeholders, where relevant, can promote collaboration and foster a 
sense of shared ownership, contributing to smoother implementation and reduced resistance.

To maintain employee well-being, changes should be made to allow for sufficient 
adjustment time. Rapid implementation can increase resistance if employees feel that their 
comfort and input are being disregarded. Companies should dedicate specific working hours 
for employees to learn new processes, thereby alleviating the need for training during personal 
time or in addition to daily work. Recognizing, implementing, and promoting the well-being 
benefits of digital technologies is important, and technologies should be developed to address 
specific role requirements, such as creativity tools for designers, organizational tools for 
managers, and automation of physically demanding tasks for factory workers. Additionally, 
employees should learn how to use technologies in healthy ways. Overall, companies should 
aim to minimize the stress employees experience during DT by addressing the challenges 
associated with organizational change. Targeted support should include motivating employees 
to embrace learning opportunities, ensuring clear and effective communication, and fostering 
inclusivity by actively encouraging employee participation in the change process. This 
approach, while requiring additional effort from the company, helps employees to feel more 
prepared for digital changes, reduces stress, and fosters greater trust and commitment to the
organization.

To sum up, a strategic approach to managing DT is essential for reducing resistance and
enhancing employee well-being. The study’s proposed framework offers a tool for 
organizations to effectively navigate the complexities of DT, enabling them to address 
resistance while simultaneously advancing digital initiatives and fostering employee well-
being during potentially challenging transitions. This approach is particularly relevant for 
highly digitalized organizations, where digital change is both significant and continuous, as 
observed in the companies included in this study. The study’s guidelines, informed by the 
context of Finnish companies with advanced digital maturity, can serve as best practices for 
organizations in similar environments.
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6.3 Research limitations and suggestions
While the study offers valuable insights into the interplay between employee resistance and 
well-being in the context of DT, its limitations should be noted. First, the findings are context-
specific to Finland, a highly digitalized country with advanced infrastructure (European 
Commission, 2022) and may not be generalizable to organizations and regions with lower 
levels of digital maturity. Second, the companies included in the analysis represent varied 
industries and company sizes, which provides a broad perspective but may mask industry- or 
scale-specific differences. Future research should address these limitations by testing the 
framework in diverse geographic, industrial, and organizational contexts.

As a theory-building study, this research focused on identifying patterns and generating 
qualitative insights (Yin, 2018) into the relationships between resistance factors, mitigation 
strategy, and employee well-being. Quantitative research is now needed to empirically test 
these relationships, operationalize the framework’s components (similar to Figure 8), and 
validate its applicability through large-scale studies. For example, future studies could test 
whether specific components of the mitigation strategy—such as communication, learning, 
and participation—mediate the relationship between resistance factors and employee 
resistance. Additionally, examining the differential effects of these components on specific 
resistance factors could deepen understanding and refine the framework.

Qualitative research could also extend the framework by identifying additional resistance 
factors and exploring how the different components of a mitigation strategy interact with 
contextual influences. Specific factors such as industry type, company size, digital maturity, 
organizational culture, and workforce composition could be systematically analyzed to 
provide a more nuanced understanding of resistance dynamics. Finally, future studies could 
investigate how digital technologies improve employee well-being, for example, by fostering 
stronger organizational relationships, and enhancing subjective performance metrics—such as 
job satisfaction and meaningfulness—to provide actionable strategies for reducing employee 
resistance and maintaining well-being during technological transitions.
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management; learning and growth opportunities; and equality, diversity, 
inclusion, and fair labour practices (Ajmal et al., 2018).

AI-powered solutions are known to assist various aspects of work (e.g., 
Cao et  al., 2021; Chatterjee & Chaudhuri, 2022; Choi et  al., 2022; 
Mahroof, 2019). According to Makarius et al. (2020), integration of AI 
into organisational work can result in implications for cognitive, rela-
tional, and structural issues. For example, it can enhance decision making 
(Cao et  al., 2021; Choi et  al., 2022), lead to quicker operations and 
reduction of errors (Choi et al., 2022), and assist in the undertaking of 
more complex tasks (Mahroof, 2019). Organisations should seriously 
consider the impact of AI on social sustainability and human well-being 
to maintain resilience, competitiveness, and a good reputation (Wang 
et al., 2020).

Despite the growing trend towards the implementation of AI and the 
adoption of social sustainability practices by organisations, little is known 
about its impact, and particularly, its aspect related to the well-being of 
industrial workers. Only a small number of studies concerning the social 
sustainability implications of digital technologies have been reported—
possibly because social sustainability research is generally lacking (Brenner 
& Hartl, 2021). Most AI-related studies focus on technical aspects 
(Nishant et al., 2020). Apart from the need for more research at the inter-
section of AI and social sustainability areas, there is a lack of empirical 
evidence from industry, which adds to the relevance of this study’s contri-
bution (Grybauskas et al., 2022).

This study aims to contribute to emerging AI and social sustainability 
research by examining the potential of AI in generating social sustain-
ability among operators of heavy machinery. The aim is accomplished 
through case studies of AI utilisation in three Finnish manufacturing 
companies. The results reveal the central problems experienced by opera-
tors (cognitive and physical strain, safety-related concerns, and a skill 
gap) and give examples of AI-powered solutions designed by the case 
companies that tackle these problems. Our findings show that AI can 
provide implications for such aspects of social sustainability as improved 
health, safety, work efficiency, emotional and mental well-being, and 
training and education. In this way, the study contributes to existing AI 
and social sustainability research by showing what factors of social 
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sustainability are impacted by AI adoption. The study also provides man-
agerial implications for practitioners for enhancing social sustainability 
via AI in their organisations.

The chapter is structured as follows: After the introduction, we present 
the current understanding of the interplay between artificial intelligence 
and social sustainability. In the next section, we present the data collec-
tion, and analysis, followed by the results of the empirical examination. 
Finally, we provide the most important conclusions and implications.

2	� Artificial Intelligence and Social 
Sustainability in Industry 5.0

Although manufacturing companies continue to develop their efficiency 
and productivity around the technology-driven Industry 4.0, the shift 
towards a value-driven and human-centric Industry 5.0 is underway 
(Thrassou et al., 2022a). Xu et al. (2021) posited that the introduction of 
Industry 5.0 is based on the observation that Industry 4.0 focuses less on 
the original principles of social justice and sustainability, and more on 
digitalisation and AI-based technologies to increase production efficiency 
and flexibility. They continue that Industry 5.0 focuses on the intercon-
nection between human-centricity, sustainability, and resilience, where 
the human-centric approach puts core human needs and interests at the 
heart of the production process, shifting from a technology-driven 
approach to a thoroughly human-centric social sustainability approach. 
In the human-centric approach, technology is intended to serve people 
and societies, meaning that the technology used in manufacturing is 
adaptive to the needs and diversity of industry workers (Lu et al., 2021; 
Xu et al., 2021). In this study, social sustainability in Industry 5.0 relies 
on the statement that ‘a safe and inclusive work environment is to be cre-
ated to prioritise physical health, mental health and well-being, and ulti-
mately safeguard worker’s fundamental rights, i.e., autonomy, human 
dignity and privacy’ (Xu et al., 2021). The need to keep upskilling and 
re-skilling is essential for industrial workers to achieve better career 
opportunities and work–life balance (Breque et al., 2021; Xu et al., 2021).
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To achieve social sustainability in the Industry 5.0 context, augmented 
cognitive capabilities are needed to process, understand, and analyse the 
massive amount of machine and production data to get valuable informa-
tion from it (e.g., Longo et al., 2020; Romero et al., 2018). Individualised 
human–machine interaction technologies that can assist, for example, 
heavy machinery operators and that interconnect and combine the 
strengths of humans and machines are needed (Xu et al., 2021). One key 
technology in enhancing cognitive capabilities is AI (i.e., cognitive com-
puting, computer vision, knowledge representation, machine learning, 
recommender systems, and planning, scheduling, and optimisation algo-
rithms; Longo et al., 2020), which can be used to detect, for example, 
causalities in complex, dynamic systems, leading to actionable intelli-
gence (Xu et al., 2021). Wirtz et al. (2019) asserted that a special feature 
of AI is the replication of human thinking and learning, as well as 
problem-solving capabilities intended to enhance performance. 
Accordingly, they defined AI as ‘the capability of a computer system to 
show humanlike intelligent behaviour characterised by certain core com-
petencies, including perception, understanding, action, and learning’. 
This is also the definition of AI used in this study.

3	� The Contribution of Artificial Intelligence 
to Social Sustainability

Even though the focus on shifting from Industry 4.0 to Industry 5.0 is to 
pay increased attention to social sustainability at the organisational and 
individual levels, the role AI plays in contributing to social sustainability 
is considered somewhat controversial in many cases (Connelly et  al., 
2021; Lee & Lim, 2021). According to Chowdhury et  al. (2022), the 
emergence of AI solutions in operation environments will affect work-
force demographics, the nature and meaningfulness of jobs, and technol-
ogy–human interaction (Thrassou et al., 2022b). Wilson and Van Der 
Velden (2022) contend that the long-term impacts of AI are widely spec-
ulated but poorly understood from an empirical point of view. Grybauskas 
et al. (2022) summarised in their study that, on a positive note, AI-related 
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implications can be connected, for example, to smart working, increased 
employee safety, and well-being. On the negative side, AI-powered solu-
tions can affect, for example, skill mismatches and employees’ privacy 
(Grybauskas et al., 2022). Even though technological development and 
Industry 4.0-related technologies have reduced human-related work 
among several industries (Grybauskas et  al., 2022; Neumann et  al., 
2021), at the societal level, Industry 5.0 and the utilisation of AI will cre-
ate a significant number of new job opportunities among different indus-
tries that are, for example, related to data analysis and decision making 
based on AI-supported big data analysis.

While AI will have a significant effect on the generation of new jobs, 
many of the new working possibilities related to human–AI interaction 
will be capability-intensive. For this reason, the expanding utilisation of 
AI will require new capabilities from both organisations and individuals 
(Chowdhury et al., 2022). From the perspective of social sustainability, it 
may require organisations to educate their employees, which may affect 
individuals differently. While some might consider the learning of new 
skills and capabilities meaningful, others may consider it stressful and 
unnecessarily time-consuming (Grybauskas et al., 2022). While the scale 
of AI utilisation and human–machine interaction is expanding, there are 
also concerns related to allocating the responsibility of decision making 
to algorithm-based AI solutions (Bellamy et  al., 2019). Bellamy et  al. 
(2019) highlighted that an AI-powered solution, in the end, is software 
that can go wrong and thus make mistakes. Therefore, there is always a 
need for human work to fix these problems. There exists a lack of empiri-
cal understanding about the hindering role of the interplay between AI 
decision making and responsibility issues. In other words, among many 
industries, there is a need to understand more about the role of responsi-
bility related to the adoption and utilisation of AI (Chowdhury 
et al., 2022).

According to Nishant et  al. (2020), AI is widely considered from a 
technical perspective, and there is a need to understand more about the 
social and ethical issues related to its utilisation. From the perspective of 
social sustainability, according to Grybauskas et al. (2022), the smartifi-
cation of the work environment can also have controversial effects on the 
feelings and well-being of employees. For example, the authors mention 
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that the utilisation of AI-powered solutions, such as wearable sensor tech-
nologies, can support the health monitoring, information access, and 
decision making of employees. According to Nishant et al. (2020), AI 
provides opportunities for operating in high-risk environments without 
risking human health. On the other hand, according to Grybauskas et al. 
(2022), modern AI-powered solutions can be used to monitor and evalu-
ate employees’ performances and behaviours, which may cause unin-
tended stress. For that reason, there are many open questions, including 
ethical ones, related to the utilisation of AI among individual employees.

Even though there are concerns related to the utilisation of AI in 
industrial settings (Stock et al., 2018), AI can simplify working environ-
ments. For example, it can break challenging tasks into smaller ones that 
require less skill, or even take care of the most stressful tasks and thus 
reduce the cognitive stress of employees (Stock et al., 2018). While AI 
operates monotonous, stress-inducing tasks, employees get an opportu-
nity to do work that is cognitively less stressful (cf. Pinzone et al., 2020). 
According to Pinzone et al. (2020), AI also provides a better understand-
ing of the evaluation of psychological parameters that affect the social 
sustainability of employees, such as stress and fatigue.

In summary, AI adoption is increasing rapidly, and it affects the social 
sustainability of both organisations and individuals. While the effects can 
be controversial and diverse, and the literature on AI and social sustain-
ability can be considered rather novel, there is a need for more empirical 
understanding of how AI affects social sustainability (cf. Grybauskas 
et al., 2022).

4	� Research Design

A qualitative approach with multiple case studies was adopted to examine 
the topic in its actual environment (Eisenhardt, 1989; Yin, 2018). The 
sampling included companies in the heavy manufacturing industry. 
These companies were selected because of their active approach and con-
crete initiatives towards AI implementation in their operations. This 
strategy enabled a comprehensive overview of the potential of AI in heavy 
manufacturing.
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Table 2.1  Description of the data

Case 
company Main offering Size

Main data 
source and 
participants Interviewees

Secondary data 
sources

A Forest 
machinery

Large Group 
interview

2 Webpages, 
Company 
presentation

B Material 
handling 
machinery 
and logistic 
services

Mid 
cap

Group 
interview

4 Webpages, 
Company 
presentation

C Mining and 
rock 
excavation 
equipment

Large Group 
interview

7 Webpages, 
Company 
presentation

The data used in the case studies is described in Table 2.1. The primary 
data was gathered via group interviews, as the aim was to collect rich, 
empirical evidence about the studied phenomenon (Eisenhardt & 
Graebner, 2007). Several researchers participated in the data collection, 
the aims of which were to (1) ensure that any important areas were not 
omitted, and (2) ensure wide experience from the studied topic from 
technology and business perspectives. The interviewees were selected 
based on their knowledge and responsibilities regarding the research 
topic. Most of them were in managerial positions, such as product man-
ager or project lead. The study included several interviewees per company 
who each provided different perspectives on the topic. The interviews 
were conducted between June 2022 and September 2022 and followed a 
semi-structured protocol. The interview protocol included: (1) the usage 
of analytics, AI, and simulation technologies; (2) the development of 
target-related demands and barriers; (3) data exchange and representa-
tion; and (4) operator-specific factors. The interviews were recorded to 
facilitate data analysis. The anonymity and confidentiality of the inter-
views were ensured for all study participants, and permission for record-
ing asked prior to interview.

The interview data analysis followed an approach in which new con-
structs were inductively searched (Kovács & Spens, 2005). Content 
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analyses were employed to systematically analyse the qualitative data 
transcribed from the interview recordings. First, the collected data was 
organised into written form. Second, the evidence was extracted when 
the gathered material indicated an issue pertaining to social sustainability. 
Third, the coded content was classified into groups, leading to the inter-
pretation of the findings. Secondary data was also collected to triangulate 
the interview data and increase the validity of the findings (Voss et al., 
2002). Company presentations and webpage content were used to profile 
the cases and find backup for the interview findings.

5	� Results

The interviews revealed several problems affecting social sustainability, 
particularly in the dimension related to the well-being of operators. These 
problems were later inductively coded into four distinct categories: cog-
nitive strain, physical strain, safety, and varying proficiency of operators 
(Table 2.2). This section discusses what constitutes each category based 
on the content analysis of the interviews and what AI-powered solutions 
were used by the case companies to tackle these problems.

5.1	� The Implications of AI in Facilitating 
Cognitive Strain

One persistent problem mentioned by the respondents was the need for 
fast and complex decision making by operators. This complexity was pri-
marily induced by the environment in which operators had to work and 
the tasks they performed. Environmental factors contributing to the 
complexity include working in various weather conditions (Cases A and 
B) and in areas with difficult access, such as remote forest plots and stone 
mines (Cases A and C, respectively). The tasks ranged from very complex 
operations, such as rock drilling and bolting (Case C), to more routine 
ones, such as cargo loading (Case B). However, even with basic tasks, 
operators must remain vigilant of many changing variables in the envi-
ronment, such as type of load (e.g., tree trunks of different sizes [Case A] 
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or container cargo or bulk cargo [Case B]), target place for loading (e.g., 
floating vessel as opposed to stationary train wagon), or presence of other 
people or machinery on the lot. Another problem induced by environ-
mental factors is the loneliness of operators (Case A). According to the 
respondents, remote work locations and long hours alone in the cabin are 
substantial factors affecting the well-being of operators and reducing job 
attractiveness. Although it is recognised in the extant literature that the 
feeling of loneliness weakens work engagement (Jung et al., 2021) and 
aggravates depressive symptoms (Cacioppo et al., 2010), the problem of 
loneliness is rarely mentioned in relation to the work of heavy machinery 
operators.

Apart from the need for excellent visual estimation ability and spatial 
thinking, operators should master machine operation and be able to per-
form multiple manipulations at the same time. According to the respon-
dents, the complexity of the dashboard and the machine parts 
manipulation processes are the main contributors to operators’ distress in 
the machine cabin. The machines used in forestry, such as forwarders and 
loaders, are reportedly the most complex and difficult to operate (Case A) 
in comparison with the rock drilling machines (Case B) and the materials 
handling machines (Case C). However, in each case, the cost of a mistake 
is high, because one wrong move on the operator’s part can lead to dam-
age to the load, the machine, or the surroundings (e.g., the forest or other 
machinery), subsequent fines, and increased maintenance costs. To avoid 
mistakes, the operators have to maintain focus for an extended time (at 
times up to 13 hours, Case B), react quickly to many changing variables 
in the environment, make fast decisions, and perform accurate manipula-
tions under stressful conditions, which cumulatively lead to increased 
cognitive strain in the operators.

All respondents highlighted the detrimental effect of cognitive strain 
on the well-being of operators and the efficiency of their work. In all 
three cases, the main goal behind the introduction of novel AI-powered 
solutions was to facilitate decision making processes for operators and to 
reduce the possibility of human error related to machine operation. 
Among the proposed solutions were the automation of work sequences 
(Case A), an operator assistance control system (Case B), and the auto-
mation of rock support drills (Case C). All respondents believed that the 
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introduction of automated systems to assist operators’ work makes the 
work of operators easier, which, apart from improving their efficiency, 
contributes to maintaining their emotional and mental well-being.

5.2	� The Implications of AI in Facilitating 
Physical Strain

Long hours of sitting in one position can cause various health problems. 
In the case of operators of heavy machinery, it can be aggravated by exces-
sive fatigue and continuous stress induced by cognitive strain. Respondents 
mentioned musculoskeletal disorders as a factor determining the career 
duration of operators. Some of the respondents admitted that back prob-
lems cause significant distress and make operators retire earlier due to 
health reasons (Case A).

Additionally, the necessity of performing complex manual manipula-
tions in the machine operation process takes its toll on operators in the 
first years of their work. According to the respondents, the effect is par-
ticularly strong when operators are required to engage both their hands 
and feet at the same time, which is necessary, for example, in forestry 
machines that are operated in parallel and overlapping sequences (Case 
A). To address this problem, Case Company A designed a simplified 
dashboard. This simplification was brought about by the automation of 
work sequences, which resulted in a reduced number of manual manipu-
lations necessary for machine operation. In addition to lessening physical 
strain, the introduction of a simplified dashboard can potentially reduce 
cognitive strain, improving operators’ physical, emotional, and mental 
well-being.

Admittedly, multiple manual manipulations with the machine have a 
more pronounced effect on the physical well-being of operators than the 
fixed sitting position. According to the respondents, operators of more 
standard machinery, such as materials handling and rock drilling machines 
(Cases B and C), while also sitting long hours, do not report significant 
health problems related to machine operation.

  A. Valtonen et al.
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5.3	� The Implications of AI in Facilitating Safety

Operating heavy machinery in a challenging environment can be danger-
ous, which is particularly true in the forestry and mining industries. That 
is why safety was a recurrent topic throughout the interviews. The respon-
dents were concerned with the safety of the operators, loads/cargo, 
machines, and environment. While operators are protected by the cabin, 
they can still be injured. Respondents from Case Company A mentioned 
a situation in which, due to incorrect manipulations with the boom, a 
tree trunk reversed in the air and hit the cabin. In this situation, apart 
from damaging the machine itself and threatening the safety of the opera-
tor, the load (in this case, a tree trunk) was destroyed, which incurred 
fines from load owners, increased maintenance costs, and caused reputa-
tional damage. The safety of the work environment was another concern. 
Respondents mentioned the necessity to handle falling trees carefully so 
surrounding trees were not damaged (Case A), and the necessity to 
observe people and other machinery working nearby so they are not hit 
by the boom or driven over (Case B). The respondents also mentioned 
safety standards imposed by the government, such as emission legislation 
and land use, and reputational considerations, such as being a preferred 
partner for responsible forestry (Case A), as drivers of safety improvement.

The respondents stated that AI-powered automation of machine oper-
ations allows for achieving the required levels of accuracy, predictability, 
and energy efficiency that translate into improved safety in the work of 
operators. For example, an automated system for controlling the boom 
movement prevents the boom from hitting surrounding trees and dam-
aging the forest (Case A), a semi-automatic system in the material han-
dling machine allows effective navigation even through narrow spaces 
without scratching the machine (Case B), and an automated system in 
rock support drills minimises human error that ensures safe and efficient 
work, even for less experienced operators (Case C). By improving the 
safety of work, AI-powered automation can positively influence physical, 
mental, and emotional well-being, and increase work efficiency.
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5.4	� The Implications of AI in Facilitating the Varying 
Proficiency of Operators

All respondents noted that it is important and at the same time difficult 
to find good operators. All heavy machines require some level of experi-
ence on the operator’s part, from basic in the case of materials handling 
machinery (Case B) to advanced in the case of forestry machinery (Case 
A). Respondents from Case Company B mentioned that the experience 
of driving excavators is enough for a new operator to get going, although 
additional training is also available. Training takes from two hours to 
several weeks, depending on the difficulty of the task for which the opera-
tor is trained. Accordingly, respondents from Case Company A stated 
that no licence or school was necessary to drive forestry machinery. 
However, due to the complexity of forestry machine operation, operators 
need training to achieve the required level of efficiency. The respondents 
reported that inexperienced operators mostly make losses for a company 
because they are less productive and cause more damage to the machine 
or load than their more experienced colleagues (Case A).

The training of operators is a key factor in determining work efficiency 
and performance. According to the respondents, the operator is the main 
driver of the work process, as the operator makes all decisions and is 
responsible for work progress and outcomes (Cases B and C). The role of 
the machine is to be a tool for the operator necessary to perform the work 
(Case B). As all operators come with different skillsets, levels of experi-
ence, and cultural backgrounds, the training can be problematic (Cases A 
and B). At the same time, individualised training is not an option, as 
machines produced by the case companies are sold to different companies 
located in different countries. To address this challenge, Case Company 
A designed a training simulator that provides an immersive learning 
experience. In this way, operators can improve their machine-driving 
skills in various simulated conditions at locations of different levels of 
complexity but in a safe and controlled environment. Reportedly, this 
kind of training allows for upskilling operators without accidental dam-
age to the machines, which reduces maintenance costs and increases the 
operational life of the machine (Case A). In the same vein, Case Company 
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B has considered using an operator assistance control system to assist new 
operators during their induction.

According to the respondents, AI-powered training systems have the 
potential to improve social sustainability. First, using these training sys-
tems ensures the smooth and safe induction of new operators. New oper-
ators get the necessary experience without compromising work quality 
and their emotional and mental health. Second, training simulators allow 
existing operators to be trained for new tasks and working conditions 
without causing additional stress. Lastly, a training simulation is a safe 
way to test new technical solutions before introducing them to operators. 
It saves operators from the trouble of struggling with a novel solution 
while trying to perform their work duties. Admittedly, respondents noted 
that AI-powered training systems are mostly utilised by either new opera-
tors for training purposes or highly experienced operators who provide 
their skill and expertise to train the system further, and in this way to 
transfer their skill to less experienced operators. Some skilled operators, 
however, perceive this training system, as well as other incremental inno-
vations provided by the company, as unnecessary, deeming that these 
novelties only take time to get used to without making their work easier 
(Case A).

6	� Discussion and Conclusions

Although the separate bodies of academic literature on AI and social sus-
tainability are growing, their intersection is relatively unexplored, which 
calls for further research. Advancing this research area is essential for pro-
moting the Industry 5.0 vision, enhancing social sustainability in organ-
isations, and improving the well-being of industrial workers. The aim of 
this study was to investigate what implications AI-powered technological 
solutions can have on social sustainability in organisations, with a specific 
focus on the well-being of industrial workers. The study’s findings suggest 
that AI can provide solutions to improve social sustainability, particularly 
its aspects of emotional, mental, and physical well-being, safety, work 
efficiency, education, and training (Fig. 2.1).
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Fig. 2.1  Aspects of social sustainability improved by AI-powered solutions in case 
of operators of heavy machinery

6.1	� Theoretical Implications

First, the findings provide industry-specific empirical evidence for factors 
that influence the well-being of operators of heavy machinery. Such prob-
lems as cognitive strain, physical strain, safety concerns, and the varying 
proficiency of operators adversely affect organisational-level social sus-
tainability and operators’ well-being at work. Specifically, these problems 
have been proven to influence not only operators’ everyday work effi-
ciency but also their career duration and turnover intentions. A better 
understanding of working conditions and routines brings more clarity as 
to what factors impact social sustainability in organisations on the indi-
vidual level. Thus, this study contributes to the stream of research inves-
tigating the potential of AI-powered solutions to support the health, 
information access, performance, behaviour, and decision making of 
employees (Nishant et  al., 2020; Pinzone et  al., 2020; Grybauskas 
et al., 2022).

Second, the study’s findings shed light on the many applications of 
AI-powered solutions for improving the well-being of operators of heavy 
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machinery. In the case companies, these solutions are implemented pri-
marily as the assistance, support, and training environment for the opera-
tors. Remarkably, human judgement and discernment still prove to be 
superior to AI. The ability of operators to assess the situation, consider all 
the variables in volatile environments, and make decisions supersedes the 
current capabilities of AI-powered solutions employed by the case com-
panies. The decision making ability of operators was highlighted as a key 
contributing factor to efficient machine operation, whereas the machine 
and AI are only supportive tools in operators’ hands. As prior research 
states, AI can break the challenging tasks into smaller ones that require 
less skill, or even take care of the most stressful tasks and thus make the 
work cognitively less stressful (Pinzone et al., 2020; Stock et al., 2018). 
Another takeaway concerns AI-powered training systems. The findings 
show that the more skill and expertise an operator has, the less potential 
the AI provides for the operator’s upskilling. This supports previous 
research stating that implementing AI-powered solutions to the work 
environment can have controversial effects on the feelings and well-being 
of employees (cf. Pinzone et  al., 2020; Grybauskas et  al., 2022). The 
study also shows that the relationship between skill level and level of 
engagement with AI-powered training systems resembles the u-curve: 
AI-powered training systems are the most useful either for training new 
and unexperienced operators or for getting trained by highly experienced 
operators who can provide their expertise for the improvement of the 
training system. Those operators who fall in between these two extremes 
reportedly do not benefit from AI-powered training and assistance, as 
they consider their skill level to be good enough to do their work without 
AI support.

6.2	� Managerial Implications

From the perspective of managerial implications, this study highlights 
the challenges to which AI solutions will be able to find responses in the 
future among heavy machinery producers. By offering current and rele-
vant information on the interplay between AI-powered solutions and 
social sustainability, the study provides an interesting additional 
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understanding of what motivates companies in the heavy machinery 
industry to develop AI-powered solutions to improve drivers’ well-being 
at work, extend their working careers, or increase work safety. All case 
companies recognised the importance of operator well-being not only for 
staff acquisition and retention but also for work efficiency.

The results are relevant not only for heavy machinery producers, but 
on a larger scale, these implications also provide valuable insights for 
other industries into how AI can be used to support the social sustain-
ability of employees. Further, the results of the study demonstrate that 
among heavy machinery industry drivers, the working environment is 
demanding, and constant decision making causes cognitive and psycho-
logical load for drivers, the implications of which are both insightful  
and relevant for the developers of AI-powered solutions. The results of 
the study further demonstrate in more detail the factors causing the  
psychological load and the reasons behind the identified challenges. 
These include, for example, the long working hours of operators and  
the pressure to constantly make a large number of decisions in a short 
time in a work environment where even one mistake can have serious 
repercussions.

As another managerial implication, this research brings out solutions 
that are currently seen as potential alternatives for utilising AI in the 
heavy machinery industry. Although AI provides attractive opportunities 
to increase social sustainability among employees, it is not without chal-
lenges. As such, the utilisation of these solutions currently involves a 
number of open questions, which are brought to the fore in research—
including, for example, questions related to responsibility and, from the 
point of view of social sustainability, questions related to the learning of 
extensive new subject areas. The questions and concerns raised can guide 
the further practical development of AI.

6.3	� Limitations and Further Research Directions

One limitation of this study is the context of Finland. Although the stud-
ied organisations operate internationally, the generalisability of the results 
to other regions requires further research. For example, the safety 
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implications of AI-powered solutions were not emphasised in the results, 
which can be due to advanced safety procedures that are already utilised 
in Finnish companies. It would be interesting to study whether safety 
implications are more important in other parts of the world. This study 
also focuses on the managerial perspective in utilising AI-powered solu-
tions; thus, an in-depth analysis of the operator perspective is another 
fruitful direction for future research. Furthermore, the research on the 
factors influencing operator well-being is rather fragmented and incom-
plete. For example, some of the identified factors, such as loneliness, have 
recently emerged in the context of the well-being of operators of heavy 
machinery and require more scholarly attention. Further research could 
also focus on specific industries or interorganisational relationships to 
gain deeper insights into how AI-powered solutions contribute to social 
sustainability.
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